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Abstract 
Juvenile Idiopathic Arthritis (JIA) is a disease that causes pain and inflammation in the 
joints of children. Its early diagnosis is important to avoid damage to the joints. Joint 
warmth, redness and movement restriction may be indicators of active arthritis hence 
accurate objective means to measure temperature, colour and range of movement 
(ROM) at the joint may assist diagnosis. 
In this study, three techniques with a potential to assist clinicians in diagnosing JIA 
were developed. These were based on high-resolution thermal imaging (HRTI), visual 
imaging and accelerometry. A detailed correlation analysis was performed between 
the developed methods and the consultant's clinical assessment of JIA diagnosis. 
Twenty-two patients (age: mean=10.6 years, SD = 2 years) with JIA diagnosis were 
recruited. 18 participated in the thermal/visual imaging study only, 2 in the 
accelerometry study only and 2 in both thermal/visual imaging and accelerometry 
studies. Thermal and visual images of the front and back of the knees and ankles of 20 
patients were studied. All ethical approvals from Sheffield Hallam University and the 
National Health Service (NHS) were duly obtained before commencing the study. 
The thermal/visual imaging study involved developing image processing techniques to 
accurately identify and segment the regions of interest (ROIs). A tracking algorithm to 
accurately locate the ROIs was also implemented. An accelerometry system that is 
capable of recording movements from 4 channels was developed and its signals were 
processed by frequency spectrum analysis, short-time Fourier transform and wavelet 
packet analysis. 
The thermal imaging results showed a combined 71% correlation (for the front of 
knees and ankles) with clinical assessment. It may be possible that patients whom their 
arthritic joint was cooler than their healthy joints may have relied on their healthy leg 
more extensively for mobility (due to the pain on the arthritic leg) thus increasing its 
joints temperature. It was also found that JIA may affect the skin colour with a 
combined 42% correlation between the knees and ankles. The accelerometry results 
showed a 75% correlation with clinical assessment.  
The study for the first time brought together the three techniques of thermal imaging, 
visual imaging and accelerometry to assist with JIA diagnosis. The study demonstrated 
that the developed techniques have potential in assisting clinicians with JIA diagnosis. 
Improvements in timely diagnosis allow more effective treatment and can reduce the 
likelihood of joint damage in rheumatoid arthritis.    
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Chapter 1 
 Introduction 
1.1 Background and purpose of the study 
Juvenile Idiopathic Arthritis, JIA, is the most common type of arthritis in children 
(Arthritis Foundation, 2013). Although its causes have not been well established, some 
research suggests it could have a genetic predisposition (Arthritis Foundation, 2013) 
which may cause the onset of arthritis when triggered by other environmental factors 
which may include infection and maternal smoking during pregnancy (Ellis, Munro, & 
Ponsonby, 2009). It is an auto-immune disease in which the joints' tissues are attacked 
mistakenly by the body's immune system, thereby making the joints inflamed. 
Increased temperature, swelling, stiffness, colour changes at the affected joints are 
some of the clinical diagnostic observations. Early diagnosis and treatment may reduce 
the likelihood of the joints being permanently damaged and give a more positive 
outcome. Diagnosis is usually by medical history and physical examinations, which may 
be supported by laboratory and imaging tests. Although there is no cure for JIA, there 
are medications to control the progression of the disease and to reduce its symptoms 
such as joint pain and movement restriction thus improving quality of life (Arthritis 
Foundation, 2013). 
Current assessment of joint inflammation in JIA has limitations. Initial clinical 
assessment of joint swelling, warmth, and restriction is performed by touch and thus it 
has subjective variations leading to diagnostic complications and poorer treatment 
outcomes (Foster et al., 2007; Wallace et al., 2012). A preliminary study demonstrated 
the variations in the correlation between touch and thermometer measurement of 
joint skin temperature (Hawley, Offiah, Hawley, & Burke, 2015). Blood inflammatory-
marker assessment, although available, they may not be conclusive (NHS, 2016a). Joint 
ultrasound scanning (USS) has been shown to be useful (Ramos, Ceccarelli, & Jousse-
Joulin, 2012; Spalding et al., 2008) but it requires specialist expertise (Lerkvaleekul et 
al., 2017; Spalding et al., 2008). Contrast-Enhanced Magnetic Resonance Imaging (CE-
MRI) is recognised as the ‘gold standard’ for identifying joint synovitis (Hemke et al., 
2014; E. Miller, Uleryk, & Doria, 2009). It can demonstrate early features of arthritis 
such as bone oedema and is more sensitive than radiography at detecting erosive bone 
2 
 
changes (Ostergaard et al., 2005); however, the cost of CE-MRI can make it 
inaccessible for routine clinical use (Hemke et al., 2014; Ramos et al., 2012).  
There is, therefore, a need for the development of techniques that are cost effective, 
objective, easily applicable and portable, to assist clinicians in their JIA diagnosis. The 
purpose of this study is to develop and evaluate thermal and visual imaging and 
accelerometry techniques to assist clinicians in JIA diagnosis.   
High-Resolution Thermal Imaging (HRTI) refers to the technique of accurately 
measuring and analysing temperatures in a non-contact manner. Its application to 
arthritic joints potentially provides a non-invasive, portable and inexpensive addition 
to currently available tools, and may be useful for measuring physiological parameters 
such as temperature, making a diagnosis, monitoring disease progression and 
responding to medical treatment. HRTI may be performed more frequently than 
invasive measures (blood testing) or expensive imaging in Children and Young People 
(CYP) to track disease progression and thus facilitate a timelier intervention than is 
currently possible.  
In this study, HRTI techniques were developed to measure skin temperature to assess 
and to determine whether the arthritic joints were warmer than healthy joints. Visual 
imaging techniques were developed and evaluated to quantify possible skin colour 
changes at the arthritic joint. An accelerometry system was developed to measure the 
joint’s range of movement restriction. 
The study was in collaboration with the Sheffield Children Hospital (SCH). Thermal and 
visual imaging approaches were evaluated on twenty patients with a JIA diagnosis and 
the accelerometry technique was evaluated on four patients (of these four, two were 
part of the thermal and visual imaging study).  
1.2 Aim and Objectives 
The aim of this study is to evaluate thermal, visual imaging and accelerometry 
techniques to assist in clinical JIA diagnosis.  
1.2.1 Objectives 
i. Develop techniques to segment the thermal imaging (TI) and visual imaging (VI) 
ROIs from the recorded videos. 
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ii. Implement techniques to track the regions of interest (ROIs) in the recorded 
thermal imaging (TI) videos. 
iii. Develop image processing methods to measure mean temperatures of the TI 
ROIs and quantify skin colour changes of the VI ROIs. 
iv. Design an accelerometry system and develop techniques to collect, interpret 
and process the accelerometry data. 
v. Critically evaluate developed systems on CYP at the SCH in comparison with the 
consultant’s evaluation. 
1.3 Contribution to knowledge 
The study's contributions are: 
i. Development of a new method for identifying the Regions of Interest (ROIs) on 
the surface of the knees and ankles for segmentation. One of the challenges in 
this study was identifying the knee and ankle regions to be selected as ROI. A 
method which uses the curvature of the knees and ankles as a reference was 
designed. A circle was placed around the curves, and a region 1.5 times the 
radius vertically up and down the circle was selected for reference. For the back 
of the ankles, due to the heel bone being immediately under the ankle bone, 
only the region 1.5 times the radius vertically upwards to the bottom of the 
circle was considered for ROI. This method for identifying the ROIs was 
repeated for the knees and ankles of every patient. This identification process 
introduced a less subjective way to segment the knees and ankles such that 
about the same region is segmented every time.  
ii. Adaptation of a template matching tracking algorithm in the thermal imaging 
study to track the segmented ROI in all the images from a patient. A 20-second 
video recording (frame capture rate=30 frames per second) was performed and 
due to small body movements, that may be made during the recording (even 
though patients were advised to stand as still as possible), a means to track the 
ROI on all images was necessary. A template/ROI was manually selected from 
the first image, and using the normalised cross-correlation method (which 
measures the similarity between the template and the image under it), the 
template was compared with the next image in the recorded file, to produce 
the correlation coefficients for each pixel in that image. The pixel with the 
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highest correlation was used to identify the template. This was repeated for all 
subsequent images in the recording for each patient and the ROIs were tracked 
effectively. The algorithm was evaluated in the university with a volunteer 
making instructed body movement in the different directions during a 
recording session. 
iii. Design of a method to quantify the colour changes on the knees and ankles 
from the visual imaging study. The colour changes on the knees and ankles of 
the patients that took part in this study were not visually noticeable, so to 
compare the ROIs (knees or ankles), a reference image method was adapted.  A 
region mid-way between the knee and ankle was selected for both the left and 
right side, averaged and used as a common reference image. This reference 
region was considered as it was visible in the images and was least affected by 
arthritis. The colour distributions (histogram) of the knees, ankles and 
reference regions were computed. The similarity between the left and right 
knees or ankles and the reference image was computed by finding the 
Euclidean distance between their colour distributions. The knee or ankle with 
the higher Euclidean distance to the reference image indicated a higher 
difference to the reference region and so had more colour changes.  
iv. Development of an accelerometry system (hardware/software) to record 
movements of legs at the knee joint.  For each leg, an accelerometer was 
placed just above and another just below the knee. The recorded 
accelerometry signals were filtered using a digital Butterworth low pass filter of 
the 3rd order with a suitable cut-off frequency determined by first finding the 
frequency spectrum of the signal between 0.5Hz to 3Hz (depending on the 
movement scenario). The angles of tilt of the thighs and shanks were computed 
in the range of -180° to 180°. The relative knee angle was obtained by adding 
the thigh and shank tilt angles and subtracting from 180° and 360° for the lying 
down and walking scenarios respectively. The angular movement velocity, 
acceleration, and displacement were also determined, and the results were 
compared between the left and right knees. 
v. The findings from thermal imaging, visual imaging, and accelerometry 
developments were correlated against the consultant's assessment in 
identifying inflamed joints in patients with JIA. Clinical diagnosis of active 
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arthritis was performed using the validated pGALS (paediatric Gait, Arm, Leg, 
Spine) approach to check for joint warmth, swelling, and restriction plus history 
of symptoms. The thermal and visual imaging studies were simultaneously 
compared with the clinical assessment to determine their correlations. All three 
techniques were also separately evaluated against the clinical assessment to 
determine their correlation as well. 
1.4 Thesis outline 
The outline of the thesis is arranged as follows: 
Chapter Two: Literature Review. This chapter reviews previous related studies in 
relation to arthritis and its diagnosis, thermal, visual imaging and accelerometry 
techniques. 
Chapter Three:    Study’s related theory. This chapter gives a theoretical explanation 
of JIA, HRTI, Accelerometry and its operation, signal and image processing. 
Chapter Four: Methodology. This chapter discusses the ethical approval, patient 
recruitment process and details, and the clinical diagnosis. 
Chapter Five: Results and Discussion Related to Thermal imaging to assist with 
Juvenile Idiopathic Arthritis Clinical Assessment. This chapter discusses the 
developments of the thermal imaging system and the results as compared with the 
consultant’s evaluation. 
Chapter Six: Visual imaging (VI) and its correlation with thermal imaging to assist 
with JIA diagnosis. This chapter discusses the developments of the visual imaging 
system and the results as compared with both thermal imaging and the consultant’s 
evaluation. 
Chapter Seven: Accelerometry to aid assessment of joint movement in JIA. This 
chapter discusses the accelerometry system developments and the results in 
comparison with the consultant’s evaluation. 
Chapter Eight: Conclusions and further work. This chapter summarises the study and 
recommends some future research.  
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1.5 Summary 
This chapter briefly introduced JIA and the techniques that were investigated in this 
study. It presented the study’s background and purpose, aim and objectives. It further 
outlined the contributions to knowledge and the arrangement of the thesis chapters. 
JIA, which is the most common type of arthritis in children, is an auto-immune disease 
whereby the immune system mistakenly attacks the joint tissues causing 
inflammation. Symptoms can include joint warmth, redness, movement restriction etc. 
Current assessment of JIA has limitations and so research is ongoing to develop 
techniques that are cost-effective, easily applicable and portable, that may assist 
clinical diagnosis of JIA. 
In this study, High Resolution Thermal Imaging (HRTI), visual imaging and 
accelerometry techniques were evaluated for clinical JIA assessment. The results 
obtained were compared against consultants’ diagnosis of JIA on twenty-two patients 
from the Sheffield Children Hospital (SCH). 
The next chapter presents a review of literatures related to this study.  
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Chapter 2 
 Literature Review 
Arthritis, which literally means joint inflammation (Arthritis Care, 2016), is a type of 
disease that affects the joints of the body. The disease is characterised by the 
progressive breakdown of the cartilage (Taieb, Bruel, & Auges, 2014), the smooth 
material covering the ends of the bones in the joints to prevent the bones rubbing 
against each other (Woods, 2004). The symptoms generally include joint pain and 
stiffness. This condition can cause suffering in a serious manner termed inflammatory 
flare-up or in a more prolonged manner which can sometimes cause severe disability 
(Taieb et al., 2014). Without early diagnosis and treatment, this condition can 
ultimately lead to bone erosion and cartilage damage (Suma, Snekhalatha, & 
Rajalakshmi, 2016). 
There are over 100 types of arthritic conditions. Most studies where Infrared 
thermography (IRT) have been applied for assessing joint inflammation is mainly 
focused on rheumatoid arthritis (RA) and there is a very limited study on Juvenile 
idiopathic arthritis (JIA) (Lerkvaleekul et al., 2017). This study, however, focuses on JIA, 
which is a type of rheumatoid arthritis that affects children, because it is an area of 
research less developed and our collaboration with Sheffield Children's Hospital. 
JIA can be a serious and a disabling condition which may lead to complications such as 
joint destruction, impaired joint function, limitation of growth and osteoporosis 
(McMahon & Tattersall, 2011). Early detection and treatment can help alter the 
natural progression of the disease (McMahon & Tattersall, 2011). A quicker and more 
effective diagnostic system is therefore essential. This chapter discusses the related 
literature in arthritis diagnosis. The current methods will be reviewed, followed by 
studies involving the use of some other alternative methods such as the thermal 
imaging (TI), IMUs and visual imaging systems, with the aim to show the current state 
of knowledge. 
2.1 Current methods for diagnosing JIA 
The existing methods include those outlined in this section. Clinical diagnosis of 
inflammatory joint (McMahon & Tattersall, 2011) through physical examination (PE). 
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Features normally looked out for include joint warmth, swelling, and stiffness. These 
are subjective as it is down to the clinician's experience and expertise, hence disease 
may not be accurately diagnosed. 
Clinicians perform the pGALS (Paediatric Gait Arms Legs Spine) examination, a more 
validated screening tool, to assess joint inflammation (Foster, Kay, Friswell, Coady, & 
Myers, 2006). However, this system has its limitations as it requires the expertise of 
the clinician and sometimes can require further testing using another method such as 
the MRI scanning to confirm the clinical suspicion. 
Routine blood tests can also be used to diagnose the condition, although no blood test 
on its own, can confirm a diagnosis, however, a few tests can give possible indications 
of the disease (NHS, 2016a). Full blood count which measures the red cells in the body 
can show evidence of inflammation with anaemia (as anaemia is common in people 
with arthritis), raised white cell count and thrombocytosis (McMahon & Tattersall, 
2011; NHS, 2016a). Blood tests to check the levels of certain proteins and other 
chemicals in the blood may also give an indication of the disease. Tests such as 
erythrocyte sedimentation rate (ESR), c-reactive protein (CRP), antinuclear antibody 
(ANA), rheumatoid factor (RF), etc. (Arthritis Foundation, 2013). 
Imaging technologies which include x-rays, computed tomography (CT) scans, bone 
scintigraphy, ultrasound scans (US), contrast enhanced magnetic resonance imaging 
(CE-MRI) are also systems that are used for JIA diagnosis. These systems although 
effective, have limitations. The CE-MRIs can be expensive (currently about £350 per 
scan (Fairfield Independent Hospital, 2019)) and may not be well tolerated by younger 
children as it takes about 15 to 90 minutes to perform (Stanford Health Care, 2019a). 
There is a risk of an allergic reaction to the contrast dye used (Stanford Health Care, 
2019b). MRI machines are also less available (McMahon & Tattersall, 2011). Plain 
radiographs (X-ray) are not sensitive to early changes in the condition and ultrasound 
(US) scans, although relatively cost-effective is highly user-dependent as it requires a 
physician's expertise (Giancane et al., 2016; Lerkvaleekul et al., 2017; Spalding et al., 
2008). There is also the radiation effect from the X-rays and CT scans (Mohiyuddin, 
Dhage, & Warhade, 2014).   
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Due to the importance of early detection and monitoring of this condition, research is 
ongoing on alternative methods that can be used for diagnosis that will be accurate, 
objective, non-invasive and cost-effective. As part of achieving this objective, in this 
study the effectiveness of thermal imaging, visual imaging and accelerometry is 
investigated. In the next section, a review of these techniques is provided. 
2.2 Thermal imaging 
2.2.1 Thermography in medicine 
Modern infrared thermography has opened new opportunities in medical diagnosis 
especially in its use to map surface skin temperature; and since the 1960s, there is now 
more understanding of the relationship between skin temperature and blood 
perfusion (Ring, 2010). In a diabetic study, IRT has proved useful in assessing tissue 
viability and peripheral circulation that could be used to indicate the level of a major 
limb amputation (Ring, 2010). 
Thermal imaging has proved effective as a noncontact real-time method of measuring 
respiration rate (Alkali, Saatchi, Elphick, & Burke, 2017). In children, IRT has been 
found to be a well-tolerated technology in the management of children in the 
emergency unit with acute non-specific limp (Owen, Ramlakhan, Saatchi, & Burke, 
2018) and has also been used to detect thoracic vertebral fractures in children and 
young people with osteogenesis imperfecta (OI) (De Salis, Saatchi, & Dimitri, 2018).  
2.2.2 IRT for diagnosing arthritis 
Joint warmth is an indication of active inflammation due to arthritis - during active 
inflammation in deep tissues and joints, the surface skin would normally show changes 
in thermal behaviour (Mohiyuddin et al., 2014); hence the ability to measure the 
temperature at these joints can aid the diagnosis of arthritis. Infrared thermography 
(IRT) or thermal imaging is ideally suited for studying skin temperatures because the 
human epidermis has a high emissivity (Mohiyuddin et al., 2014). 
The association between temperature and disease is centuries old (Ring, 1990). 
Thermal imaging systems were first developed in the 1930s, and they enable the 
human eyes to see beyond the short-wavelength red into the far infrared (IR) by 
making the light naturally emitted by warm objects visible (Lloyd, 2013). They are a 
fast, passive and non-contact alternative to the existing arthritis diagnostic methods. 
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There is an enormous interest in the application of thermography in medicine as it has 
shown good potential to be used as a diagnostic tool for identifying diseases.  
The study by Mohiyuddin et al. (2014) successfully applied IRT technique and fuzzy-c-
means algorithm to detect rheumatoid arthritis (RA) in various parts of the body. The 
fuzzy-c means algorithm was used to automatically segment the region of interest 
(ROI) to be analysed. The Heat Distribution Index (HDI) and skin temperature 
measurements of subjects with active arthritis were compared with that of unaffected 
persons. The thermal image where there was active arthritis was seen to be warmer 
than those of the unaffected subjects. 
Another study on RA was conducted by Frize et al. (2011). Thermal images from the 
hand, wrist, palm, and knee joints were studied. The regions of interest (ROIs) were 
manually selected for processing and they concluded that RA can be reliably detected 
in patients using thermal imaging. 
Lasanen et al. (2015) investigated IRT technique for screening joint inflammation and 
rheumatoid arthritis in children focusing on the knee and ankle joints. In analysing the 
data collected, the mean and maximum surface temperatures were determined for the 
selected ROIs at the medial and lateral view of the knees and ankles. Their results were 
compared against clinical evaluations. They observed that in inflamed ankle joints 
maximum and mean temperatures were significantly higher than in non-inflamed 
ankles. However, there was no significant difference for the knee joints. 
Thermal imaging technique has been compared with ultrasonography with PE for 
diagnosing wrist arthritis in JIA as seen in the study by Lerkvaleekul et al. (2017). The 
temperature of the room was maintained at approximately 22˚ with humidity at 50%. 
The mean and maximum temperatures in the ROI were observed to be higher in the 
affected group. The HDI (defined as two standard deviations) of the ROIs were also 
higher in the moderate to severe group than in the healthy control. They concluded 
that both IRT and ultrasound were applicable tools for detecting wrist arthritis. 
Snekhalatha, Anburajan, Sowmiya, Venkatraman and Menaka (2015) tested the ability 
of some features extracted from the thermographs such as mean, standard deviation, 
entropy, skewness, kurtosis, etc. to evaluate rheumatoid arthritis. They compared 
these parameters with measured skin temperature indices such as HDI and 
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thermographic index and they concluded that the temperature indices correlated 
significantly with most of the parameters measured. 
IRT has been compared with x-ray for evaluating RA using a biochemical method as the 
standard (Snekhalatha, Rajalakshmi, Gopikrishnan, & Gupta, 2017). They observed that 
the IRT technique was able to detect the disease at an earlier stage than the 
radiography method. 
Varju, Pieper, Renner and Kraus (2004) hypothesized that the surface temperature of 
the joints could complement the radiographic evaluation of osteoarthritis. Jin, Yang, 
Xue, Liu and Liu (2013) proposed an automated system for thermal screening of knee 
osteoarthritis that can provide quantitative information which can further aid in 
clinical diagnosis. Naz, Ahmad and Karandikar (2015) proposed a thermal image and 
neural networks method for predicting arthritis in its early stages. Neural networking 
was used to classify the image inputted into the system as normal or abnormal based 
on a backpropagation algorithm. Brenner, Braun, Oster and Gulko (2006) monitored 
inflammatory arthritis activities using thermal imaging in small joints of rat models and 
concluded the thermal measurements correlated significantly with arthritis activity. 
Borojevic et al. (2011) investigated the thermal images of the hands of healthy 
subjects, patients with rheumatoid arthritis and osteoarthritis and observed there was 
statistically significant difference in the mean temperature values of healthy, 
rheumatoid arthritis and osteoarthritis subjects. Ilowite, Walco, and Pochaczevsky 
(1992) showed that there was significant correlation between pain intensity ratings 
obtained using the visual analogue scales (VAS) scores from patients, parent and 
doctor of patients with JIA and joint temperatures obtained from their thermal images.  
The clinical utility of thermal imaging in assessing arthritis was further demonstrated 
by Sanchez et al. (2008). Thermal imaging was shown to be effective in identifying 
inflamed joints by accurately distinguishing between the thermal patterns of normal 
and synovitis-affected joints (these did not have a normal pattern) (Salisbury, Parr, De 
Silva, Hazleman, and Page-Thomas, 1983). 
Given the findings in the literature, thermal imaging has the potential for evaluating 
arthritis and so research is ongoing to make the technique more accurate and 
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adaptable for use in clinics to assist clinicians make a more informed and early 
diagnosis. 
2.2.3 Image segmentation  
Image segmentation is one of the vital steps involved in image processing and analysis 
as the accuracy of diagnosis depends on how well the selection of the ROI is performed 
(Duarte et al., 2014). It allows for extraction of useful information from images such as 
finding shapes, identifying colours or measuring object properties. (MathWorks, 
2019a). It is also a process used to extract the ROI from an image removing 
background and noise (Suma et al., 2016).   
Segmentation is one of the major challenges faced in processing images as sometimes; 
region of interest (ROI) is not properly selected without excluding important 
information or including unwanted noise, such as when using segmentation shapes like 
rectangles and ellipse which sometimes do not allow selecting the desired ROI.  
Improvements in image segmentation techniques have been explored. Duarte et al. 
(2014) proposed a segmentation technique based on the thresholding method that 
allows ROIs to be selected independent of its geometric shape for generic applications.  
Automated segmentation of hot spots of the hand for evaluation of RA based on the k-
means algorithm was developed and was found to be effective in evaluating the 
disease (Snekhalatha et al., 2015).  
Qiao, Wei and Zhao (2017) developed an intensity adjustment level set method (LSM) 
in pedestrian images to address the boundary leakage and intensity homogeneity 
problems seen in the traditional LSM segmentation method. This LSM method is based 
on the edge-based active contour model. 
Chen, Chen and Ni (2016) developed a semiautomatic segmentation method that 
involves the use of information from another optical camera which helps to improve 
the precision of contour sketching of objects in thermal images. Yasaswi, Keerthi, 
Jainab, Krishna and Sridhar (2015) explored the watershed city-block distance 
transform segmentation approach for detecting faulty electric circuit. 
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2.3 Colour analysis for medical diagnosis 
Redness around the affected joint is one of the possible indicators of active 
rheumatoid arthritis, which is when the joint becomes inflamed (Arthritis Foundation, 
2013; NHS, 2016b; Versus Arthritis, 2018a).  
In this study, the colour of the affected joints was also analysed for evaluation of 
arthritis to see if the possible redness at the affected joints can be quantified. Although 
there is not any recorded research on the use of the skin colour parameter for 
assessing arthritis, however, colour has been used in diagnosing other medical 
conditions.  
Disease diagnosis through inspection of facial and body colour has been in existence 
for thousands of years in Traditional Chinese Medicine (TCM) but this method is very 
subjective and qualitative. Due to the benefits of this method, however, which 
includes being non-invasive, the objectification and quantification of the method in 
order to be used for clinical diagnosis has been greatly researched (Chen, Zhang, Wu, 
& Zhang, 2016; Liu & Wang, 2006). Most of the work is focused on using tongue colour 
and facial colour to diagnose diseases. 
Liu and Guo (2008) proposed a method to quantify facial colour diagnosis of TCM 
(which is normally subjective and down to the human eyes). There is enormous 
interest in facial colour diagnosis both in clinical medicine and biomedicine because of 
its role in the diagnosis and treatment of diseases as lesions (such as wound, tumour 
or ulcer) in the body does change facial colour. They presented a computer-aided 
diagnosis method for evaluation of hepatitis. Colour feature from the face was 
extracted from facial images using image processing techniques and their system was 
able to classify the face colours into healthy, severe hepatitis with jaundice, severe 
hepatitis without jaundice with accuracy higher than 73%.  
Li et al. (2008) proposed a method for classifying tongue colours for TCM using the 
CIELAB colour space and then developed a numerical method for colour classification 
based on the TCM and concluded, their system could classify the tongue colours close 
to those given by human vision and can be used in clinical diagnosis. Zhang, Wang, You 
and Zhang (2013) developed a tongue colour analysis system for medical diagnosis 
using the tongue colour gamut. Their system was able to classify a given tongue 
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sample into healthy or diseased with an accuracy rate of 91.99%. They observed that 
there was a relationship between the state of the human body and its tongue colour. 
Tongue colour has also been investigated for assessment of gastroesophageal disease 
(Kainuma et al., 2015). 
Chen et al. (2016) worked on facial colour feature extraction for diagnostic purposes 
using non-standard colours to represent the facial colour space. Face colour has also 
been proposed for diagnosing heart diseases (Kim, Lee, Cho, & Oh, 2008).  
Wang, Zhang, Guo and Zhang (2013) proposed a computerised facial image analysis 
system that uses quantitative colour features extracted by fuzzy clustering method for 
disease diagnosis applications. They evaluated three types of health conditions - 
healthy, icterohepatitis (inflammation of the liver with marked jaundice), and severe 
hepatitis. Experiments conducted were compared with a database of more than 300 
images and they concluded the system could classify these images into these 
conditions with an accuracy of more than 88%.  
These studies show that the colour feature technique is useful and may potentially be 
an effective tool in medical diagnosis.  
2.3.1 Colour similarity measurement 
In this study, the regions of interest from the visual images were compared based on 
their colour features to determine which joint had more colour changes.  
Colour histograms, which represents the colour distribution of the three colour 
channels, RGB (Red Green Blue) is the simplest and the most often used colour 
feature, and it is frequently used with the Euclidean distance as the colour metric to 
give an efficient and undemanding colour similarity retrieval method (Mojsilovic, Hu, & 
Soljanin, 2002). 
Narwade and Kumar (2016) applied colour histogram colour feature method in image 
retrieval applications. The colour features of the reference image and images in the 
database were computed using the local colour features combined to represent the 
colour histogram. The Euclidean distance metric was then used to determine the 
similarity between the reference image and the images in the database. 
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Mali and Tejaswini (2014) also developed a technique based on the low-level image 
histogram feature for image retrieval application. They have adopted this method 
because histogram-based systems are quick and simple to compute. They have also 
applied the Euclidean distance metric to measure the similarity between the images. 
The higher the distance between the images, the greater the difference between 
them. 
Kodituwakku and Selvarajah (2004) performed an experimental comparison of some 
colour descriptors – colour histograms, colour moment and colour coherent vector 
(CCV) for content-based image retrieval (CBIR) applications to determine which was 
more efficient in representing similarity of colour images in the RGB colour space. They 
concluded the performance of the techniques depended on the distribution of the 
images.   
The colour histogram – Euclidean distance method was implemented in this study to 
compare the colour images as it has been reported to be computationally simple and 
efficient. 
2.4 Accelerometry based applications  
2.4.1 Human movement and balance 
The third approach considered in this study for evaluating arthritis is the 
accelerometry system to quantify joint movements. Arthritis is a joint disease that can 
cause stiffness at the joints; hence the ability to measure movements at the joints such 
as the range of motion (ROM) will assist in clinical diagnosis and rehabilitation (Nwaizu, 
Saatchi, & Burke, 2016).  
The conventional gold standard for measuring and monitoring general human 
movements including joints' angle is optically based. Its setup involves placing several 
cameras around a walkway, and reflective markers on the joints. As the subject moves, 
the system produces the 3D spatial movements of the markers, while a software 
determines an estimate of joints' angles or the gait parameters (Djurić-Jovičić, Jovičić, 
& Popović, 2011; Nwaizu, Saatchi, & Burke, 2016). However, this approach is restricted 
to monitoring in specific gait laboratories as it requires an expensive setup and so it is 
not very practical for routine clinical use or assessment of patient's activities in their 
home environment. An alternative method for measuring joint range of motion is with 
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electrogoniometers. However, this approach requires a trained clinician to operate; it 
is time-consuming to perform and is not sufficiently robust for daily clinical 
use (Bakhshi, Mahoor, & Davidson, 2011; Djurić-Jovičić et al., 2011; Nwaizu, Saatchi, & 
Burke, 2016). 
To overcome these limitations, researchers have been exploring alternative methods 
of measuring human movements and balance. Recent developments in micro-
electromechanical systems (MEMS) have resulted in portable, relatively affordable and 
wearable sensors such as accelerometers, gyroscopes, magnetometers. These can be 
used either individually or they can be integrated into a single chip as an inertial 
measurement unit (IMU), for measuring movements in three orthogonal axes, typically 
referred to as 𝑥, 𝑦, and 𝑧. Extensive research has been carried out in developing these 
sensors as they have the potential to provide more practical solutions for clinical use 
and for patient's movement monitoring in their home environments (Nwaizu, Saatchi, 
& Burke, 2016). 
The challenges in using the combined accelerometer and gyroscope unit are 
computational problems for determining the angles (Djurić-Jovičić et al., 2011) also, 
the effect of offset errors on the gyroscope's output, as a gyroscope provides a rate of 
rotation and integration of its output is needed to determine the amount of an object's 
rotation (Fisher, 2010). 
Accelerometers are types of inertial sensors and have been generally accepted as 
useful and practical sensors to measure and assess movement (Yang & Hsu, 2010). 
Researchers have shown enormous interest in this subject due to the many benefits of 
using inertial sensors to measure and monitor human movement and balance such as 
the low cost, small size, low power consumption, remote monitoring capabilities, etc. 
This approach involves strapping the sensor in some way to the body part of interest 
and taking measurements. It is non-invasive and so very practical for clinics, remote 
monitoring in the community and during activities of daily living.  
Accelerometers have been reported to be highly reliable in distinguishing posture and 
motion for detecting cyclical movements and conditions of daily living (Foerster, 
Smeja, & Fahrenberg, 1999; Veltink et al., 1993).  
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Martinez-Mendez, Sekine and Tamura (2012) evaluated the sensitivity of 
accelerometry signals attached to the trunk of subjects to distinguish changes in 
postural balance related to age - elderly vs. young; and changes in visual conditions, 
and reported the results were better than the typical force plate signals. The 
measurements obtained from accelerometers have also been used to develop an 
efficient system for assessing static and dynamic balance and postural sway (Kamen, 
Patten, Du, & Sison, 1998).  
Hendelman, Miller, Baggett, Debold and Freedson (2000) examined its ability to assess 
intensity levels/Energy Expenditure (EE) during different physical activities to evaluate 
the metabolic cost of various recreational and household activities using the 
accelerometer counts recorded during these activities. Chen and Bassett (2005) 
compared accelerometry-based activity monitors between first-generation devices and 
emerging technologies to predict EE. Yang and Hsu (2010) reviewed the use of 
accelerometry-based wearable motion detectors for physical activity (PA) monitoring 
and reported they allow for automatic, continuous and long-term measurement of 
people in free-living conditions.  Accelerometers can be used to estimate EE as activity 
counts from the accelerometer is related to EE, can detect postural sway and 
important gait parameters, and detect unusual movement such as falls.  
Luinge and Veltink (2004) used 3D accelerometers attached to the back of the trunk at 
T4/T5 level and the pelvis to estimate the inclination of the body segments for 
monitoring daily life task focusing on the task of lifting and stacking objects. 
Karantonis, Narayanan, Mathie, Lovell and Celler (2006) implemented a real-time 
system for classifying types of human movement associated with data obtained from a 
single waist-mounted triaxial accelerometer and could distinguish periods of rest and 
activity as well as detect different events. Kavanagh and Menz (2008) reviewed 
literatures that have used accelerometry for quantifying human movement during 
walking and concluded that the technique was accurate and reliable and could provide 
useful information regarding the motor control of normal walking and gait patterns. 
Yeoh, Pek, Yong, Chen and Waluyo (2008) looked at the use of accelerometers for 
detecting posture and walking speed using a rule-based Heuristic system that can be 
used for real-time ambulatory monitoring and observed the results were promising. 
The speed of walking was the parameter used to distinguish between different types 
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of movement activities such as running, jogging, etc. Lyons, Culhane, Hilton, Grace and 
Lyons (2005) investigated techniques that allow accelerometers to distinguish between 
static and dynamic activities using a thresholding method. Experiments were 
performed in an uncontrolled environment for long hours to achieve long term 
ambulatory monitoring. 
2.4.2 Joint Range of Movement  
Willemsen, Van Alste and Boom (1990) used eight uniaxial accelerometers to 
determine knee angle without the need for integration, to reduce the effect of offset 
drift. Kurata, Makikawa, Kobayashi, Takahashi and Tokue (1998) monitored upper limb 
motion -elbow and shoulder joints- in daily activities using two accelerometers set at 
“both-near-sides” around the joints and they concluded the system was effective for 
one axis motion monitoring, though the accuracy of the three axes joint movement 
was not confirmed in the study. 
Djurić-Jovičić et al., (2011) used accelerometers to estimate angles of leg segments and 
joints during gait, with the focus on the knee and ankle joints based on a second-order 
low-pass digital filter. This method did not require double integration which introduces 
drift effect on the results as seen with gyroscopes. The effectiveness of the developed 
system was compared with the results obtained from flexible goniometers and they 
concluded the technique was good enough for quick diagnostics of gait and its 
applications. Dong, Chen, Lim and Goh (2007) used four biaxial accelerometers to 
measure flexion-extension angles, and the system was more accurate when sensors 
were placed parallel to the sagittal plane. 
Researchers have also considered the use of IMUs combining accelerometers and 
gyroscopes for measuring joint angles. Bakhshi et al. (2011) focused on measuring 
knee joint range of movement using two IMUs placed near the joint. Bennett, Odom 
and Ben-Asher (2013) developed an algorithm to measure knee angles using two IMUs 
and artificial neural networks. Their system was validated against the results obtained 
from an electro-goniometer. 
2.4.3 Assessing arthritis 
Accelerometers have been evaluated for distinguishing arthritis and other joint-related 
conditions. Reddy, Rothschild, Mandal, Gupta, and Suryanarayanan (1995) used 
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accelerometers to distinguish normal knees from knees affected by osteoarthritis (OA), 
RA and chondromalacia using the acceleration measures obtained from the knees 
during a leg rotation. In later research, Reddy, Rothschild, Verrall, & Joshi (2001) 
further applied accelerometry to distinguish knee RA and spondyloarthropathy 
(chronic diseases of the joints) as the subjects performed a flexion-extension rotation 
of the leg. They used the mean power of the signal as a parameter to characterise the 
disease. Significant differences were observed between RA and spondyloarthropathy 
patients.  
Accelerometers have also been applied for monitoring the physical activities (PA) in 
arthritis patients in order to give an objective means of assessing the effect of the 
disease activity, to help clinicians make more informed recommendations to improve 
the health status of these patients (Hernandez-Hernandez & Diaz-Gonzalez, 2017). 
Previous studies have shown accelerometers to be reliable in assessing and monitoring 
PA in persons with arthritis (Semanik et al., 2010; Norgaard, Twilt, Andersen, & Herlin, 
2016; Prioreschi, Hodkinson, Avidon, Tikly, & McVeigh, 2013).  
Hernandez-Hernandez, Ferraz-Amaro, & Diaz-Gonzalez (2014) applied accelerometry 
to assess the effects of RA activity on the PA of patients with rheumatoid arthritis. 
They concluded that RA patients spent less time (fewer minutes per day) doing 
moderate and vigorous PA than the healthy subjects and that the disease activity 
interfered significantly with the PA time of RA patients. 
The impact of obesity and other modifiable factors of physical inactivity (weight, diet, 
smoking, knee pain, etc.) in OA patients were evaluated using accelerometers to 
measure their PA (Lee et al., 2013).  
The daily monitoring of PA in children with JIA has also been achieved using 
accelerometers to determine the correlation between daily PA diary and 
accelerometry measures (Armbrust et al., 2017),  the relationship between 
accelerometer-assessed PA and disease activity, report of pain intensity, use of pain 
coping strategies in children with JIA (Norgaard et al., 2017).  
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This review shows accelerometers can potentially be a useful tool to assess arthritis; 
however, work is ongoing to improve its functionality and make it practical for use in 
clinics. 
In our study, the use of four triaxial accelerometers placed at the right and left thighs 
and shanks of a patient to measure knees' angle, velocity, acceleration, and 
displacement to assist JIA diagnosis was explored.  
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2.5 Summary 
In this chapter, arthritis, which is a condition that causes pain and inflammation in a 
joint (NHS, 2017), was briefly discussed. The current diagnostic methods, which include 
clinical examination, blood tests, imaging technologies such as CT scans, US scans and 
CE-MRI were outlined.  
Related literatures in the alternative methods of diagnosing medical conditions such as 
thermal imaging, colour analysis, and accelerometry were reported. TI was shown to 
be useful for screening joint inflammation and Rheumatoid Arthritis (RA) at the knees 
and ankles of children (Lasanen at al., 2015). TI was found to be applicable for 
detecting wrist arthritis in comparison with ultrasonography and physical examination 
(Lerkvaleekul et al., 2017). TI was also able to successfully detect RA at an earlier stage 
than the radiography method (Snekhalatha et al., 2017). Body and facial colour were 
used to diagnose medical conditions (Chen et al., 216; Liu & Wang, 2006) such as 
hepatitis (Liu & Guo, 2008), heart diseases (Kim et al., 2008). Accelerometry was 
proved reliable for assessing physical activities of persons with RA (Semanik et al., 
2010) and for measuring joints range of motion (Djurić-Jovičić et al., 2011). 
In this study, these methods have been applied for the evaluation of JIA.  
In the next chapter, the theories relevant to this study are presented.  
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Chapter 3 
 Relevant Theory 
In this chapter, the relevant theories on Juvenile idiopathic arthritis (JIA), infrared 
thermography, accelerometry, signal and image processing techniques, visual image 
processing are presented. The patients included in this study were referred to the 
hospital suspected of having JIA. Thermal imaging was the main tool used in this study 
to assist with diagnosing JIA. Accelerometry was used to investigate joint movement. 
Signal processing was primarily used to process the accelerometry signal. Image 
processing was needed for thermography and visual imaging.  
3.1 Arthritis 
Arthritis can be generally defined as the presence of joint inflammation with reduced 
range of motion, pain on movement and/or warmth of the joint (Boros & Whitehead, 
2010). There are more than 100 types of arthritis with the most common being 
osteoarthritis, the next common is rheumatoid arthritis. Osteoarthritis normally occurs 
with age, whereas rheumatoid arthritis is an autoimmune disorder in which the 
immune system attacks the body's own tissues causing an inflammatory response - 
which is a normal reaction of the body to injury or infection of living tissues (Versus 
Arthritis, 2018b). JIA is a type of rheumatoid arthritis.  
3.2 Juvenile idiopathic arthritis (JIA) 
JIA is a broad term used to describe all forms of arthritis that begin before the age of 
16 years, persist for more than 6 weeks and are of unknown cause (Ravelli & Martini, 
2007). It is the most common childhood chronic rheumatic disease affecting about 1 in 
500 children and can cause much disability (Boros & Whitehead, 2010; Prakken, Albani, 
& Martini, 2011). To facilitate research and treatment, the disease is generally 
classified based on the number of joints affected and the presence of systemic 
symptoms and signs (Borchers et al., 2006). The International League of Associations 
for Rheumatology (ILAR) classified JIA into seven categories (Boros & Whitehead, 2010) 
shown in Figure 3-1. 
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Figure 3-1 International League of Associations for Rheumatology classification of JIA 
(Boros & Whitehead, 2010) 
3.2.1 Symptoms 
The symptoms include (Chang, Burke, & Glass, 2010): morning stiffness, pain, swelling, 
and tenderness in the joints; limping, fever, rash, weight loss, fatigue or irritability; and 
eye redness, pain, or blurred vision. Chronic eye inflammation occurs in 10% to 20% of 
all patients; of these, 30% to 40% have a severe loss of vision. Redness around the 
affected joint is also a possible symptom of joint inflammation (Arthritis Foundation, 
2013). If untreated, this condition can cause complete loss or impaired vision, 
permanent damage and loss of function at the joints, interference with the growth of 
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the bone and inflammation of membranes around the heart and lungs (Chang et al., 
2010). 
3.2.2 Causes 
The cause of the disease is unknown. It is, however, an autoimmune disease, whereby, 
the immune system attacks the lining of the joints called the synovium (Bailey, 2014) 
thereby causing inflammation and swelling of the lining and fluid in the joints. Figure 3-
2 shows a cross-section of a healthy and JIA- affected knee joint. 
 
Figure 3-2 Cross section of healthy and JIA affected joint (Chang et al., 2010) 
3.2.3 Diagnosis 
Once the disease is suspected, diagnosis normally includes the methods listed in the 
next subsections (Giancane et al., 2016): 
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3.2.3.1 Clinical evaluation  
This involves a detailed physical examination of all body joints where the clinician 
checks for joint swelling, warmth, redness, and restriction. The clinician also takes a 
family history, personal history and recent arthritis symptoms/pathologic events with 
specific attention to pain and morning stiffness. Family history is taken as it can 
indicate one’s risk of developing RA. After the examination, the clinician normally gives 
an overall rating of the disease activity ranging from zero (no activity) to ten 
(maximum activity) on a visual analog scale (VAS). For systemic JIA, diagnosis may be 
difficult as arthritis is often not present at the onset. However, this method is 
subjective.  
3.2.3.1.1 pGALS 
Foster and Jandial (2008) describe pGALS (Paediatric Gait, Arms, Legs, Spine) as an 
evidence-based musculoskeletal (MSK) screening assessment tool that has been 
validated for school-aged children. The assessment normally involves simple 
manoeuvres that are commonly used in clinics and is quick to perform (takes about 2 
minutes) and well tolerated by the child and parent/carer. pGALS has been shown to 
be highly sensitive in detecting movement anomalies. The assessment is performed 
when the child presents one or more of the following symptoms (Foster & Jandial, 
2008): 
• Muscle, joint or bone pain  
• Unwell with pyrexia (fever) 
• Limping 
• Delay in achieving or a regression of motor milestones 
• Clumsiness with no known neurological disease. 
• Presence of a chronic disease that has MSK presentations. 
Three screening questions relating to pains and problems with dressing themselves or 
walking are initially asked by the clinician before full examination of the Gait, arms, 
legs and spine of the child is performed while checking for any appearance or 
movement abnormality (Foster & Jandial, 2008).  
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3.2.3.2 Imaging  
Radiography: Also known as the plain X-rays are the conventional gold standard 
imaging method for diagnosing arthritis. X-rays are a type of radiation that can pass 
through the body to produce images of the inside of the body (NHS, 2015a). At the first 
instance, they can help to exclude other causes of pains and swelling at the joints; they 
can also detect late complications of JIA (Sheybani, Khanna, White, & Demertzis, 
2013). However, this method exposes the body to ionising radiation, has poor 
sensitivity in identifying active synovitis (inflammation of the synovial membrane) and 
limited ability to detect erosive changes in the joint at the onset of the disease.  
Contrast-Enhanced Magnetic Resonance Imaging (CE-MRI): CE-MRI is a type of scan 
that uses strong magnetic fields and radio waves to produce detailed images of the 
inside of the body (NHS, 2018) with contrast enhancement to improve the image 
quality. This method is the most sensitive for detecting active synovitis at the early 
stages of the disease. It is also able to identify bone marrow Oedema (abnormal 
accumulation of fluid) which is considered a pre-erosive abnormality and therefore an 
indication to begin early treatment. It does not expose the body to x-ray radiation and 
so is a more preferred technique. However, despite these benefits, CE-MRI 
examinations are very lengthy and costly; require intravenous administration of the 
contrast material (dye) to maintain sensitivity and frequent sedation of the patient 
(Sheybani et al., 2013). The contrast-medium for enhancing the image quality also has 
to be carefully selected based on criteria of safety, tolerability, and efficacy, as seen in 
in age-specific clinical trials and personal experience (Bhargava et al., 2013) 
Ultrasonography (US): This procedure uses high- frequency sound waves to create an 
image of part of the inside of the body; the technique is very safe and does not involve 
exposure to radiation (NHS, 2015b). It is relatively inexpensive and more readily 
available than the MRI machines; it can reliably detect synovitis, joint effusion, 
cartilage damage and does not require sedation of the patient. However, this 
procedure is highly operator dependent (Sheybani et al., 2013) and requires training 
and a careful interpretation of the abnormalities (Giancane et al., 2016). 
3.2.3.3 Laboratory blood test 
A test for certain proteins in the blood can aid an RA diagnosis. Most patients with RA 
would test positive to rheumatoid factor (RF) and anticyclic citrullinated peptide (anti-
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CCP) antibodies, as well as have an elevated erythrocyte sedimentation rate (ESR) and 
C-reactive protein (CRP) (Pincus & Sokka, 2009). However, more than 30% of RA 
patients have a negative test for RF and anti-CCP antibodies and more than 40% have a 
normal ESR and CRP. These findings show that though the blood tests can aid in 
diagnosing certain patients, it is not a definitive measure for RA diagnosis and 
management (Pincus & Sokka, 2009). 
3.1.4 Treatment 
Treatment of JIA is aimed at managing the symptoms in order to allow the child to live 
an active and independent life (Arthritis Research, 2018). For optimal management, 
the treatment methods involve a multidisciplinary team which includes; paediatric 
rheumatologist, ophthalmologist, orthopaedic surgeon, specialist nurse, physical 
therapist, occupational therapist, and psychologist. Treatment options can either be 
via pharmacological or non-pharmacological interventions (Giancane et al., 2016).  
The pharmacological interventions include painkillers e.g. paracetamol, codeine, etc.; 
non-steroidal anti-inflammatory drugs (NSAIDs) such as ibuprofen, indomethacin, etc.; 
disease-modifying anti-rheumatic drugs (DMARDs) e.g. Methotrexate; biological 
therapies such as etanercept, others include infliximab and adalimumab; steroids, 
which can be administered as tablets or injections; eye drops, if eye inflammation is 
also diagnosed (Arthritis Research, 2018). 
Non-pharmacological interventions include physiotherapy and occupational therapy 
which include using pain relief method such as acupuncture, massage, etc.; exercising 
daily, posture improvement, using splints and insoles, joint protection by using 
supports if needed, and also mobility support to aid movement (Arthritis Research, 
2018). 
3.3 Infrared thermography (IRT) 
3.3.1 History 
Human body temperature has been very key to medicine since early times, however, 
till the 16th century when the thermometer was developed, there was no objective 
way of measuring it; and in recent times, infrared thermal imaging has been explored 
in medicine for measuring body surface temperature to better understand health and 
diseases and the technique is now more affordable and reliable (Ring, 2006).  
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The history behind infrared radiation started in 1800 when Sir William Herschel, an 
astronomer, detected heating rays beyond the visible red of the sun's spectrum and in 
1840, his son, John Herschel made the first thermal image from sunlight using the 
evaporograph technique (Ring, 2004) - where infrared image is converted into a visible 
image by differential evaporation or condensation of oil on a thin membrane 
(McDaniel & Robinson, 1962). 
About a hundred years later, in 1940, the first thermal imaging devices were 
developed and only became available to industry and medicine between 1959 -1962; 
however, the thermograms were very crude and the mechanical scanning was slow 
with each image needing about 2-5 minutes to record (Ring, 2007). During this time, 
the potential for thermal imaging in medicine was attaining significant interest as the 
human skin is an efficient radiator with an emissivity of 0.98 which is close to that of a 
perfect black body (Ring, 2007). By the mid-1970s, computerisation was introduced for 
processing these images and thereafter, associations were formed to come up with 
guidelines for good practise including the requirement for patient preparation, 
conditions for thermal imaging and criteria for the use of thermal imaging in medicine 
and pharmacology (Ring, 2007). 
3.3.2 Fundamentals of infrared thermography 
Infrared thermography is a measurement technique that can quantitatively measure 
surface temperatures of objects (Vollmer & Möllmann, 2010). It is a non-contact 
technology that measures or sees infrared wavelengths emitted from objects and then 
converts the temperature information into an image (Davis Instruments, 2012). When 
a piece of equipment malfunctions, or when a disease is suspected in the human body, 
there is usually an increase in temperature in the affected region. A more accurate 
diagnosis can be made about the fault or disease by observing the heat patterns in 
these regions (Land Instruments International, 2004). 
The most important process for thermography is the thermal radiation which implies 
that all matter at a temperature above the absolute zero (-273.15˚C) emits 
electromagnetic radiation (Vollmer & Möllmann, 2010). 
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The next subsections will discuss the terms and theories associated with infrared (IR) 
thermal imaging. 
3.3.2.1 Electromagnetic (EM) spectrum 
The electromagnetic (EM) spectrum comprises all sources of radiation including X-rays, 
visible light, radio waves, etc. and these radiation types are mainly differentiated by 
their wavelengths (Hickman & Riley, 2010). Figure 3-3 illustrates the EM spectrum 
highlighting the visible band: 
 
Figure 3-3 The electromagnetic spectrum highlighting the visible band (Hickman & 
Riley, 2010) 
The visible band is the range over which the human eye is sensitive. It covers the 
wavelength range of 0.4µm to 0.7µm. The infrared spectrum, on the other hand, is 
invisible to the human eye and corresponds to radiation whose wavelength is found 
between the end of the visible band (0.7µm) and the start of the microwave band 
(1mm) and is sensitive to lower temperatures including objects at room temperature 
(about 300K) (Hickman & Riley, 2010). 
According to Hickman and Riley (2010), the IR spectrum comprises of relatively 
discrete bands which are often used to distinguish TI cameras. They include the near IR 
(NIR), short wave IR (SWIR), medium wave IR (MWIR), long wave IR (LWIR) and the far 
IR (FIR), and images from the same scene can look very different depending on the 
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band of the TI camera. An SWIR image would look more like a visual band image than 
an LWIR image. 
3.3.2.2 Thermal radiation 
Thermal radiation is EM radiation emitted from a material due to the heat of the 
material, the characteristics of which depends on the temperature. This type of 
radiation is generated when heat from the movement of charges in the material 
(electrons and protons) is converted to electromagnetic radiation (Miller, 2012). 
Examples of such EM radiation include microwave, radio frequency, X-rays, infrared, 
etc. with different wavelengths and can be transmitted through atmosphere, space, 
vacuum, etc. (Sha, Jhuo, Chen, & Wang, 2013). Radiation transfers heat directly from 
surface to surface; it does not require any medium to transfer heat. A campfire's heat 
felt by the human body is an example of radiation. 
A body that absorbs all incident EM radiation upon it is known as a black body. The 
total power (energy per unit time) radiated from a black body is given by the Stefan-
Boltzmann law which states that the total energy radiated per unit surface area of a 
black body per unit time across all wavelengths is directly proportional to the fourth 
power of the black body's thermodynamic temperature, 𝑇 in Kelvin, as shown in 
Equation 3-1 (Hanania, Stenhouse, & Donev, 2017): 
 𝑃 = 𝜎𝐴𝑇4 (3-1) 
𝑊ℎ𝑒𝑟𝑒 𝑃: 𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑤𝑒𝑟 𝑟𝑎𝑑𝑖𝑎𝑡𝑒𝑑 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑎𝑟𝑒𝑎  (𝑤𝑎𝑡𝑡)  
              𝜎: 𝑆𝑡𝑒𝑓𝑎𝑛 − 𝐵𝑜𝑙𝑡𝑧𝑚𝑎𝑛𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, 5.676 × 10−8  𝑊 𝑚2𝐾4⁄ .  
              𝐴: 𝑆𝑢𝑟𝑓𝑎𝑐𝑒 𝑎𝑟𝑒𝑎 (𝑚/𝑠2)  
              𝑇: 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 (𝐾)  
 
A body that does not absorb all the incident radiation is known as a grey body and is 
characterised by an emissivity, 𝜀 less than 1 (𝜀 <  1). Emissivity indicates the 
effectiveness of a body's surface to emit energy as thermal radiation. For a perfect 
black body, 𝜀 =  1 and for a human body, 𝜀 =  0.98, hence a very good emitter of 
thermal radiation. The closer the body is to black/dark colour, the higher the emissive 
power (Sha et al., 2013).  
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The total energy per unit time (𝑤𝑎𝑡𝑡), radiated by a grey body is then given in 
Equation 3-2 as (Sha et al., 2013): 
 𝑃 = 𝜎𝜀𝐴𝑇4 (3-2) 
 
Radiant energy that reaches a body's surface can either be absorbed (𝛼), reflected (𝜏) 
or transmitted (𝜌) and is described with Equation 3-3 (Miller, 2012)  
 ∝ +𝜌 + 𝜏 = 1 (3-3) 
 
For an opaque body, there is no transmitted energy, so 𝜏 =  0 and Equation 3-3 then 
reduces to Equation 3-4 (Sha et al., 2013). 
 ∝ +𝜌 = 1 (3-4) 
                                       
3.3.2.3 Thermal imagers  
Thermal imaging systems enable the eye to see beyond the visible band of the EM 
spectrum into the far infrared of the EM spectrum by making the light naturally 
emitted by warm objects visible (Lloyd, 2013). Thermal imagers enable accurate non-
contact measurement of temperature for a quick inspection of faults and objects can 
be viewed in total darkness (Hickman & Riley, 2010). 
A thermal imager (TI) or a thermal camera is used to capture thermal images. It mainly 
consists of an optical system which is an infrared lens system that focuses the infrared 
light emitted by all of the objects in view onto the detector; one or more infrared 
detector elements that scans the focused light creating a very detailed temperature 
pattern called a thermogram, which is then translated to electrical signals; an 
electronic processor to process the outputs from the detector and converts them into 
data for the display; then a display unit that outputs the data, a combination of the 
electrical signals from all of the detector elements, as visual images (Tyson, 2001; 
Williams, 2009). The main subunits of a thermal camera are shown in Figure 3-4: 
There are two common types of thermal imagers classed as cooled and uncooled (FLIR 
Systems, 2015): 
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• Cooled thermal imagers have an imaging sensor integrated with a cryocooler 
which lowers the sensor temperature to cryogenic temperatures. This helps to 
reduce the thermally induced noise to a level below that of the signal being 
acquired. They are highly sensitive and can detect very small temperature 
changes between objects. However, the cryocooler have movable parts and so 
wear out over time. They are also more expensive than the uncooled version. 
• Uncooled thermal imagers are the most common and their IR (infrared) 
detector design is based on a microbolometer, a tiny vanadium oxide resistor 
with a low heat capacity and good thermal isolation. Changes in scene 
temperature cause changes in the bolometer temperature, which are 
converted to electrical signals and processed into an image. They are relatively 
cheaper, consume less power, have longer durability, and can work for many 
years without needing maintenance. 
 
 
Figure 3-4 Block diagram showing the main subunits of a thermal imaging camera 
(Syed, 2016) 
3.4 Accelerometry for describing movement 
Accelerometry, in this context, refers to techniques in which accelerometer-based 
systems are used to quantify and measure movement. In this study, accelerometry 
data from the knees were studied. The types of movement that were focused on at the 
knee joints were the flexion and extension movements. These are briefly described 
(Hamill, Knutzen, & Derrick, 2014): 
Flexion - This is a bending movement in which the relative angle of joint between the 
two adjacent segments decreases e.g. bending of the knee.  
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Extension - This is a straightening movement in which the relative angle between the 
two adjacent segment increases as the joint returns to the reference position e.g. 
straightening of the knee. 
3.4.1 Accelerometers 
There are many types of accelerometers, but the most popular and modern types are 
the microelectromechanical systems (MEMS) accelerometers due to their 
compactness.  
MEMS combine mechanical and electrical components into small structures in sizes of 
micrometres to millimetres (Dadafshar, 2014). MEMS sensors are characterised by 
small size, low power consumption, low costs, high precision and integration etc. 
Accelerometers are electromechanical devices that measure forces of acceleration. 
Acceleration is simply defined as the rate at which an object is speeding or slowing 
down. These acceleration forces may be static such as the constant force of gravity 
pulling at your feet or dynamic, caused by vibrating or moving the accelerometer 
(Andrejasic, 2008).  
MEMS accelerometers can be found in numerous applications such as in inertial 
navigation systems, gaming, smartphones, mobile devices (Zhang, Su, Shi, & Qiu, 
2015). They are also widely applied in medicine and sports as step counters, physical 
activity monitors, human movement monitors (gait analysis) etc. In laptops, 
accelerometers are used to prevent damage to the hard drive in the event of a fall 
while in use as the device can detect the sudden free fall and immediately turn the 
hard drive off. A typical 3-axis accelerometer board is shown in Figure 3-5. 
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Figure 3-5 A typical 3-axis accelerometer breakout board (Hobby Electronics, 2018) 
3.4.2 Basic accelerometer operation 
The principle of operation of the accelerometer is based on Newton’s second law of 
motion which states that the acceleration, 𝑎 (𝑚/𝑠2) of a body is directly proportional 
to and in the same direction as the net force, 𝐹 (𝑁𝑒𝑤𝑡𝑜𝑛) acting on the body and 
inversely proportional to its mass, 𝑚 (𝑔𝑟𝑎𝑚) as shown in Equation 3-5 (Dadafshar, 
2014). 
 
𝑎 =
𝐹
𝑚
 
(3-5) 
 
From Equation 3-5, acceleration can be further explained as the amount of force 
required to move each unit of mass, which means if the force acting on an object is 
known, and the mass of the object is also known, then the acceleration can be 
determined without the need to measure speed and time. So, accelerometers measure 
acceleration by measuring force. This is done by sensing how much a mass presses on 
an object when a force acts on it (Woodford, 2018). 
MEMS accelerometers are mainly of two types; the piezoresistive and the capacitive 
accelerometers. The most common sensing method is however, the capacitance 
sensing method such as the ADXL series from Analog Devices (Albarbar & Teay, 2017) 
and it is discussed further. 
In the capacitance sensing approach, acceleration is related to change in the 
capacitance of a moving mass. This approach has high accuracy, stability, low power 
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dissipation and is simple to build. It is not prone to noise and variation with 
temperature (Dadafshar, 2014).  
A typical capacitive acceleration sensor essentially contains a stationary plate, 
connected to the housing and a second plate attached to the inertial mass that moves 
freely within the housing. These plates form the capacitor, whose capacitance value (in 
Farads) is a function of the distance, 𝑑, between the plates as shown in Equation 3-6 
(Fraden, 2004): 
 
𝐶 =
𝜀0𝜀𝐴
𝑑
 
(3-6) 
 
Where 𝜀0 is permittivity of free space/vacuum or the electric constant with an 
approximate value of 8.85 × 10−12 𝐹/𝑚, 𝜀 is the permittivity of the material 
separating the electrodes, 𝐴 is the area of the two electrodes. 
The movement of the proof mass due to an acceleration of the device changes the 
distance between the plates, thereby changing the capacitance value between them as 
well. The difference in the capacitance can then be used to determine the acceleration 
(Albarbar & Teay, 2017). Figure 3-6 further illustrates this concept. As the 
accelerometer box moves to the right, the mass is left behind and pushes the metal 
plates closer together, changing their capacitance (Woodford, 2018).  
 
Figure 3-6 The broad concept of a capacitive accelerometer (Woodford, 2018) 
3.4.3 Tilt sensing 
Pitch and roll angles can be determined with the aid of accelerometers. 
Accelerometers can measure static forces of acceleration. Tilt is a static measurement 
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where gravity is the only acceleration being measured and for accurate measure of tilt, 
a low-g, high-sensitivity accelerometer is required (Clifford & Gomez, 2005). 
For a three-axis accelerometer as shown in Figure 3-7, the pitch and roll angles can be 
estimated using Equations 3-7 and 3-8 where 𝐴𝑥 , 𝐴𝑦 and 𝐴𝑧 are measured 
accelerations sensed at the  𝑥, 𝑦 and 𝑧- axes respectively. 
 
Figure 3-7 Three axis of an accelerometer showing roll, pitch and yaw  movements 
(Ellis et al., 2014) 
 
 
 
𝑅𝑜𝑙𝑙 = 𝑎𝑟𝑐𝑡𝑎𝑛𝑔𝑒𝑛𝑡2 (𝐴𝑥, 𝐴𝑧) (3-7) 
 
 𝑃𝑖𝑡𝑐ℎ = 𝑎𝑟𝑐𝑡𝑎𝑛𝑔𝑒𝑛𝑡2 (𝐴𝑦, 𝐴𝑧) (3-8) 
 
The arctangent2 function returns the angle in the correct quadrant based on the signs 
of the two arguments i.e. [-pi, pi], in contrast to the arctangent function that limits 
results to the interval [-pi/2, pi/2].  
3.5 Digital signal processing concepts  
Signals are carriers of information, both wanted and unwanted, so the ability to extract 
the useful information from the signal is necessary. Digital signal processing (DSP) can 
therefore be defined as the extraction, enhancing, storing and transmission of useful 
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information (Ingle & Proakis, 2012) using digital processing such as by computers or 
more specialised digital signal processors. 
Most DSP operations can be categorised as signal filtering or signal analysis tasks. 
3.5.1 Signal filtering 
This is the process of removing unwanted components or background noise without 
affecting the main information from a signal and can be majorly classed into low-pass, 
high-pass or band-pass filters. 
Movement signals from accelerometers are associated with high-frequency noise 
components. Low-pass filters (LPFs) can be used to reduce or completely remove these 
unwanted components. The Butterworth filter was used in this study for signal 
filtering. 
LPFs are electrical networks that allow signals with a frequency lower than the cut-off 
frequency (𝜔𝑐) to pass through (pass bands) and rejects/stops signals with frequencies 
higher than the  𝜔𝑐(stop bands). An ideal magnitude response of the LPF is shown in 
Figure 3-8 where |H(jω)| is the amplitude of the signal and 𝜔 is the frequency 
(Thompson, 2014). 
However, the ideal filter cannot be achieved in reality using electric circuits so the 
magnitude response of a real or practical filter, such as the Butterworth filter has a 
maximally flat magnitude response in the passband (Butterfield & Szymanski, 2018; 
Mahata, Saha, Kar, & Mandal, 2018) and steep slope soon after  𝑓𝑐  in the stopband 
depending on the filter order number. Figure 3-9 shows a typical Butterworth 
magnitude response of the 1st and 2nd order with cut-off frequency of 1 rad/s.  
 
Figure 3-8 Ideal magnitude response of a low-pass filter (Thompson, 2014) 
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Figure 3-9 Typical responses of a low-pass (LP) Butterworth filter of the 1st, 2nd, 3rd and 
6th order with a normalised cut-off frequency of  0.5 
 
3.5.2 Signal analysis 
This deals with the measurement of signal properties and is mostly a frequency-
domain operation (Ingle & Proakis, 2012), such as spectrum analysis using transforms. 
Transformation of signals from time domain to frequency domain is widely used in 
signal processing as they provide information about the frequency components of the 
signal (Williston, 2009). 
3.5.2.1 Discrete Fourier Transform (DFT) and Fast Fourier transform (FFT) 
Discrete Fourier transform (DFT) is simply a transform that takes a signal in time 
domain and computes the frequency content of the signal (Parker, 2010).  
The DFT 𝑋[𝑘] of an 𝑁-point signal 𝑥[𝑛] is given by (Williston, 2009) in Equation 3-9: 
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{
 
 
 
 𝑋[𝑘] = ∑ 𝑥[𝑛]𝑊𝑁
𝑛𝑘
𝑁−1
𝑛=0
, 𝑘 = 0, 1, … , 𝑁 − 1
𝑥[𝑛] =
1
𝑁
∑𝑋[𝑘]
𝑁−1
𝑛=0
𝑊𝑁
−𝑛𝑘 , 𝑛 = 0, 1, … ,𝑁 − 1  
 
(3-9) 
𝑊ℎ𝑒𝑟𝑒 𝑊𝑁 = 𝑒
−𝑗2𝜋/𝑁 .  
However, the above transform equations are computationally intensive and direct 
computation is not efficient. For a faster, more efficient and real-time computation of 
DFT, a fast Fourier transform (FFT) algorithm is used. Rather than the 𝑁2 complex 
multiplications and additions required by the DFT, the FFT requires 𝑁. 𝑙𝑜𝑔2𝑁 complex 
multiplication and addition operations (Parker, 2010).  
3.5.2.2 Short-Time Fourier Transform (STFT) 
Short-time Fourier transform (STFT) provides the time-localised frequency information 
of signals whose frequency components vary over time. It is a sequence of Fourier 
transforms performed on windowed signals. There is a trade-off between time and 
frequency resolution in STFT. A window with narrow-width results in a better 
resolution in the time domain and a poor resolution in the frequency domain and vice 
versa. A spectrogram is used to visualise the STFT of a signal (Williston, 2009). 
3.5.2.3 Wavelet transform (WT) 
Wavelet transform (WT) offers time-frequency analysis that decomposes a signal in 
terms of a family of wavelets which have a fixed shape but can be shifted and dilated 
in time (Tan & Jiang, 2013). Wavelet transform provides high frequency resolution at 
low frequencies and high time resolution at high frequencies (Williston, 2009). 
A. Discrete wavelet transforms (DWT) 
The discrete wavelet transforms (DWT) of a signal is defined based on some 
approximation coefficients and detail coefficients using the filter bank structure 
(Williston, 2009) shown in Figure 3-10. For a signal, 𝑠, the first step involves convolving 
𝑠 with a lowpass (LoD) and highpass (HiD) decomposition filters, followed by down 
sampling by two (keep the even indexed elements) to give the approximation (𝑐𝐴1) 
and detail (𝑐𝐷1) coefficients as shown in Figure 3-10. In the subsequent steps, the new 
approximation coefficients at a higher level are split into two parts using the same 
approach, to compute the approximation and detail coefficients at a lower level. This 
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structure is then repeated for a multi-level decomposition as shown in Figure 3-11. The 
successive details are not re-analysed (Mathworks, 2018). 
 
Figure 3-10 Discrete wavelet transform decomposition structure (Mathworks, 2018) 
 
 
Figure 3-11 Discrete wavelet transform decomposition tree for three levels 
(Mathworks, 2018) 
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B. Wavelet packet transform 
This method is a generalization of wavelet decomposition that allows for richer signal 
analysis.  Contrary to the DWT method described above, this procedure splits both the 
approximation and detail vector into two parts at every step/level i.e. the detail vector 
is further analysed as well as shown in Figure 3-12. Signal is reconstructed using the 
coefficients identified to contain the desired information (MathWorks, 2019b). 
 
Figure 3-12 Wavelet packet decomposition tree down to level 3 (MathWorks, 2019b). 
 
3.6 Image processing 
3.6.1 Image segmentation 
This process allows sections of images referred to as regions of interest (ROIs) to be 
defined and selected from the background for further analysis.   
The ROIs can be of any shape using the MATLAB© 𝑑𝑟𝑎𝑤𝑝𝑜𝑙𝑦𝑔𝑜𝑛 function. The ROI, 
once determined, can be used to create a binary mask image. In the mask image, pixels 
belonging to the ROI are set to 1 and all other pixels (outside the ROI) are set to 0 
(MathWorks, 2019a). 
3.6.2 Image tracking 
Image tracking refers to the ability for an algorithm to detect a region of interest in an 
image and recognise the same in subsequent images. The main objective of image 
tracking is to deal with the streams of images that change with time (Reddy, Priya, & 
Neelima, 2015).  
Several image tracking algorithms have been reported in literatures and one that has 
gained much attention, and which was also used in this study is the template matching 
method (Pan, Hu, & Zhang, 2006). 
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3.6.3 Template matching  
Template matching is a technique for finding areas of an image that could either match 
or be similar to the template (ROI) image (Munsayac, Alonzo, Lindo, Baldovino, & 
Bugtai, 2017) using a suitable template matching algorithm. 
Template matching by normalised cross-correlation (NCC) 
The correlation between two signals is a standard approach for feature detection. This 
method has been extensively used for evaluating similarity between images and its 
main advantage over the ordinary cross correlation method is that it is less sensitive to 
changes in background intensity and brightness i.e. changes in the brightness or 
darkness of the images does not affect the result (Perveen, Kumar, & Bhardwaj, 2013) 
NCC has been reported to be more accurate than other methods such as the sum of 
absolute difference (SAD) and sum of squared difference (SSD); however, the 
computational load is heavier (Munsayac et al., 2017). 
The NCC method can be used to measure the similarity between image and template 
(ROI) as the template (ROI) is compared with image. The NCC of the region of image 
under the template (𝑢, 𝑣) and the template image 𝑡(𝑥, 𝑦) can be computed with 
Equation 3-11 (Lewis, 1995): 
 
𝑁𝐶𝐶(𝑢, 𝑣) =
∑ [𝑓(𝑥, 𝑦) − 𝑓?̅?,𝑣][𝑡(𝑥 − 𝑢, 𝑦 − 𝑣) − 𝑡̅ ]𝑥,𝑦
√∑ [𝑓(𝑥, 𝑦) − 𝑓?̅?,𝑣]𝑥,𝑦
2
 ∑ [𝑡(𝑥 − 𝑢, 𝑦 − 𝑣) − 𝑡̅ ]𝑥,𝑦
2
 
(3-11) 
Where 𝑓 is the image, 𝑡̅ is the mean of the template image, 𝑓?̅?,𝑣 is the mean of 𝑓(𝑥, 𝑦) 
in the region under the template image (Lewis, 1995). 
The larger the NCC value, the more similar the two images are. Generally, NCC values 
can range from -1.0 to 1.0 such that NCC of two identical images equals 1.0 and NCC of 
an image and its exact negative (inverted grayscale values) equals -1.0 (O'Dell, 2005; 
Perveen et al., 2013). Figure 3-15 illustrates the NCC of two images. It shows the NCC 
values of image1 and image2, with the highest NCC value (0.844) shown for the most 
identical of the two images (Perveen et al., 2013). 
43 
 
 
Figure 3-13 Normalised cross correlation of two images (Perveen et al., 2013) 
3.6.4 Colour feature extraction and similarity index 
In this study, the Euclidean distance metric method was implemented to measure the 
similarity between the colour histograms of the visual images.  
Colour histogram is a colour feature extraction method that represents the 
distribution of the number of pixels in an image (Kodituwakku & Selvarajah, 2004).   
Euclidean distance is the most commonly used image metric because of its simple 
computation. If 𝑥 and 𝑦 are two 𝑀 by 𝑁 images, 𝑥 =  (𝑥1, 𝑥2, … , 𝑥𝑀𝑁), 𝑦 =
(𝑦1, 𝑦2, … , 𝑦𝑀𝑁), then for 𝑘 =  1 𝑡𝑜 𝑀𝑁 𝑝𝑖𝑥𝑒𝑙𝑠, the Euclidean distance, 𝑑𝐸(𝑥, 𝑦) is 
given by Wang, Zhang, & Feng (2005) in Equation 3-12 as: 
 
𝑑𝐸(𝑥, 𝑦) = √∑(𝑥𝑘 − 𝑦𝑘)2
𝑀𝑁
𝑘=1
 
(3-12) 
𝑤ℎ𝑒𝑟𝑒 𝑀 𝑏𝑦 𝑁 𝑖𝑠 𝑡ℎ𝑒 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑖𝑚𝑎𝑔𝑒  
            𝑀𝑁 (𝑀 × 𝑁) 𝑖𝑠 𝑡ℎ𝑒 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑒𝑎𝑐ℎ 𝑖𝑚𝑎𝑔𝑒  
 
 
3.7 Summary 
In this chapter, the relevant theory of the study was briefly discussed to give some 
background understanding of the work, basic definitions and formulas. 
JIA refers to all types of arthritis that begin before the age of 16, persist for more than 
6 weeks and are of unknown cause and the symptoms can include stiffness, warm and 
redness around the affected joint. Disease diagnosis can be through clinical evaluation 
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(pGALS), imaging technologies (radiography, CT, ultrasound, CE-MRI), tests for certain 
proteins in the blood. There is no cure for the disease, so treatment is aimed at 
management of the symptoms. 
Brief explanations of signal and image processing concepts such as signal filtering (low 
pass filters) and analysis (FFT and STFT), image segmentation, image tracking, template 
matching technique (using normalised cross correlation method), and colour feature 
extraction method were also given. 
In the next chapter, the research methodology for the thermal/visual imaging and 
accelerometry study is presented.   
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Chapter 4 
 Research Methodology for the Thermal/Visual Imaging and 
Accelerometry Study 
In this chapter, the research methodologies that are common to the results obtained 
in the following results chapter are explained.  To improve clarity and ease of reading, 
research methodologies that are only specific to studies in specific chapters are 
explained in the related chapters. 
4.1 Ethical approval 
Full ethical approvals from Sheffield Hallam University (Appendix 1) and National 
Health Service (NHS) (Appendix 2) were obtained prior to the start of the study. As part 
of the approvals process, a health check and Disclosure and Barring Service (DBS) 
check was also carried out by the authorised bodies to certify the researcher was fit for 
performing NHS related tasks such as data recordings from children. These led to the 
researcher being awarded a Research Passport (Appendix 3) by the hospital to give 
access to the hospital for data recording purposes. Further, the NHS courses on the 
Good Clinical Practice (Appendix 4) and Informed Consent in Paediatric Research were 
studied and passed (Appendix 5).  
4.2 Risk assessment 
An assessment of the risks that could be involved in the study was fully considered and 
the appropriate forms were completed and submitted to the designated authorities. 
4.3 Recruitment 
Children and young people (CYP) diagnosed with Oligoarticular (affecting four or fewer 
joints for the first 6 months in the persistent case, and more than four joints after the 
first 6 months in the extended case (Ravelli & Martini, 2007) or Polyarticular JIA 
(affecting five or more joints during the first 6 months) were recruited for the study 
from the routine rheumatology clinics or steroid injection lists held at the Sheffield 
Children’s Hospital (SCH). 
The knee and ankle joints were investigated as these joints have the most flares in 
practice and thus were more available to test. 
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4.3.1 Information sheets 
After identifying eligible patients, purpose designed information sheets explaining the 
study for parent/guardian and CYP were provided before the routine clinic 
appointment.  
For the thermal/visual imaging study, there were separate information sheets for  
• Children aged 4 to 11 years (Appendix 6) 
• Young persons aged 12 to 16 years (Appendix 7) 
• Parent/guardian (Appendix 8) 
Likewise, for the accelerometry study, there were different information sheets for 
• Children below 10 years (Appendix 9) 
• Children 10 years and above (Appendix 10) 
• Parent/guardian (Appendix 11) 
The information sheets were prepared clearly in a manner that would be well 
understood by patients of a specific age. The study was also verbally outlined with the 
patients and their parent/guardian at the appointment by a member of the clinical 
team and any question answered.  
4.3.2 Assent / Consent 
Once the study was informed to the patients and their rights to withdraw were 
explained, interested patients and their parent/guardian were given the assent and 
consent forms respectively to sign. These were duly obtained before taking part in the 
study (Sample assent (for CYP) and consent forms (for parent/guardian) are provided 
in Appendices 12 to 15 for the thermal/visual imaging and accelerometry studies).  
4.3.3 Exclusion criteria 
Exclusion criteria for the TI study included: 
• CYP below 4 years of age  
• CYP with active/chronic infection that required hospitalisation or treatment 
with intravenous antibiotics within 30 days of recruitment or oral antibiotics 
within 14 days of recruitment. 
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• CYP with history of active tuberculosis of less than 6 months treatment or 
untreated latent tuberculosis. 
• CYP with soft tissue infection, injury or fracture of the affected joint which 
could affect the TI reading 
• CYP with any inflammatory skin condition which may be near the affected joint 
• Non-consenting CYP, or parent(s)/guardian(s) 
Exclusion criteria for the Accelerometry study included: 
• CYP aged below 8 years (this is to ensure that the participant is old enough to 
co-operate with attaching the accelerometry device to the lower limb and 
follow flexion and extension movements as demonstrated). 
• Diagnosis of any previous joint condition (other than JIA) affecting lower limbs 
• Fracture of any bone in the precious 4 months 
• Diagnosis of any muscle condition or chronic pain syndrome 
• Any concerns from parent(s)/guardian(s) regarding the patient’s ability to 
complete the data recording session 
 Recordings were performed in the presence of a medical supervisor.  
4.4 Patients’ details 
The pilot study focused on rheumatoid arthritis of the knees primarily because of the 
ease of thermal image recording for the region and the relative availability of patients 
with knees rheumatoid arthritis. However, the ankles were also analysed. Twenty-two 
patients aged 4 to 16 years (age: mean=10.6 years, SD = 2 years) with diagnosis of JIA 
were recruited for the studies from the patients referred to Sheffield Children’s 
Hospital (Sheffield, United Kingdom). Twenty patients participated in the 
thermal/visual imaging study and four patients in the accelerometry study (2 patients 
from the thermal/visual imaging study were part of the 4 that partook in the 
accelerometry study, making a total of 22 patients recruited). The patients’ 
demographic details are included in Table 4-2. The study did not interfere with the 
manner the patients were medically treated. 
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Table 4-1 Demographic analysis 
Parameter Value 
Mean age (SD) (years) 10.6 (2.3) 
Sex Male: 9 (41%), Female: 13 (59%) 
Mean weight (SD) (kg) 42.05 (14.91) 
Mean height (SD) (cm) 142.77 (14.34) 
Patient Categories 
• Knee: 10 patients clinically diagnosed with active 
arthritis on one knee, 8 patients had on both knees, 
while 4 patients had no active knee arthritis at the time 
of clinical assessment 
• Ankle: 9 patients clinically diagnosed with active 
arthritis on one ankle, 4 had on both ankles and 7 with 
no active arthritis in the ankles at the time of clinical 
assessment 
Medication of patients 
with JIA. Values in 
parenthesis are the 
number of cases 
• Systemic immunosuppression (10) 
• Course of oral steroid (1) 
• Systemic immunosuppression + Ibuprofen (4) 
• Regular Ibuprofen (2) 
• Regular Naproxen (1) 
• Methotrexate, Adalimumab (1) 
• No medication (3) 
 
The patients included had active arthritis on either one or both knees or ankles at the 
time of clinical assessment. Data recordings were performed within half an hour 
before or after the clinical assessment. 
 
4.5 Medical examination of patients 
All patients were evaluated by an experienced paediatric rheumatologist. Diagnosis of 
JIA was clinically made by performing a musculoskeletal examination which checked 
for joint warmth, swelling and restriction using the pGALS (paediatric Gait Arms Legs 
and Spine) tool plus history of the symptoms i.e. persistence of the symptoms (joint 
swelling and early morning joint stiffness) for 6 weeks or more lasting for 30 minutes 
or more.  
pGALS is a validated screening tool of the musculoskeletal system for inflammatory 
disease to distinguish abnormal from normal joints and can be completed within two 
minutes (Foster & Jandial, 2013). A summary of the symptoms observed in all patients 
is provided in Table 4-1. (For thermal/visual imaging and Accelerometry studies).   
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Table 4-2 Clinical diagnosis for each patient (presence of symptoms are highlighted) 
Patient 
No 
Diagnosis Joint Symptoms How 
diagnosis 
was made 
Warm Swollen Restricted 
1 Extended 
Oligoarticular 
JIA 
Right Knee No No No All 
Musculoskel
etal 
examination 
and history 
taken by 
experienced 
clinician 
prior to 
completion 
of joint 
injections. 
 
Examination: 
Clinically 
suspected 
warmth, 
swelling, and 
restriction. 
 
History: 
confirmed 
diagnosis of 
arthritis due 
to persistent 
unexplained 
symptoms 
lasting more 
than 6 
weeks, 30 
mins or 
greater of 
early 
morning 
joint 
stiffness 
Left Knee Yes Yes Yes 
Right Ankle No No No 
Left Ankle No Yes No 
2 Polyarticular 
JIA 
Right Knee No Yes No 
Left Knee No Yes No 
Right Ankle No No No 
Left Ankle Yes No No 
3 Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee No No No 
Right Ankle No No No 
Left Ankle No No No 
4 Polyarticular 
JIA 
Right Knee No No No 
Left Knee No No No 
Right Ankle No No No 
Left Ankle No No No 
5 Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee No No No 
Right Ankle No No No 
Left Ankle No No No 
6 Extended 
Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee No No No 
Right Ankle Yes Yes Yes 
Left Ankle No No No 
7 Extended 
Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee Yes Yes Yes 
Right Ankle Yes Yes Yes 
Left Ankle No No No 
8 Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee Yes Yes Yes 
Right Ankle Yes No No 
Left Ankle No No No 
9 Extended 
Oligoarticular 
JIA 
Right Knee No No No 
Left Knee No Yes Yes 
Right Ankle No No No 
Left Ankle No Yes Yes 
10 Oligoarticular 
JIA 
Right Knee No Yes No 
Left Knee No No No 
Right Ankle No Yes Yes 
Left Ankle No No No 
11 Oligoarticular 
JIA 
Right Knee No No No 
Left Knee Yes Yes Yes 
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Right Ankle No No No 
Left Ankle No No No 
12 Oligoarticular 
JIA 
Right Knee No No No 
Left Knee No Yes No 
Right Ankle No Yes No 
Left Ankle No Yes No 
13 Polyarticular 
JIA 
Right Knee No No No 
Left Knee No No No 
Right Ankle No Yes Yes 
Left Ankle No No No 
14 Extended 
Oligoarticular 
JIA 
Right Knee Yes No No 
Left Knee Yes No No 
Right Ankle Yes Yes No 
Left Ankle Yes Yes Yes 
15 Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee Yes No No 
Right Ankle No No No 
Left Ankle No No No 
16 Oligoarticular 
JIA 
Right Knee Yes Yes No 
Left Knee Yes Yes No 
Right Ankle No No No 
Left Ankle No Yes No 
17 Oligoarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee Yes Yes Yes 
Right Ankle No No No 
Left Ankle No No No 
18 Oligoarticular 
JIA 
Right Knee No No No 
Left Knee No No No 
Right Ankle Yes Yes No 
Left Ankle Yes Yes No 
19 Polyarticular 
JIA 
Right Knee Yes Yes Yes 
Left Knee Yes Yes Yes 
Right Ankle No No No 
Left Ankle No No No 
20 Oligoarticular 
JIA 
Right Knee No No No 
Left Knee No No No 
Right Ankle Yes Yes Yes 
Left Ankle Yes Yes Yes 
21 Polyarticular 
JIA 
Right Knee No Yes No 
Left Knee No No No 
Right Ankle No No No 
Left Ankle No No No 
22 Oligoarticular 
JIA 
Right Knee No Yes Yes 
Left Knee No No No 
Right Ankle No No No 
Left Ankle No No No 
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4.6 Anonymity 
In order to protect the identity of the participating patients in line with the ethics 
approval, unique identifier numbers were used to identify each patient. 
4.7 Materials 
4.7.1 Camera and associated software 
A FLIR T630sc portable thermal camera which also has an integrated visible camera 
was used for the thermal/visual imaging study. The camera image is displayed in Figure 
4-1. The camera specifications are provided in Table 4-3. 
The associated FLIR ResearchIR Max software was used to operate the camera though 
a laptop. 
 
 
Figure 4-1 Image of the FLIR T630sc (FLIR, 2019) 
 
Table 4-3 FLIR T630sc specification (FLIR, 2016) 
Parameter Specification 
Detector type Uncooled microbolometer 
Spectral Range 7.5 – 13.0 μm 
Resolution 640 × 480 pixels 
Operating Temperature Range -15°C to 50°C 
Visible Image 5.0 Megapixel from Integrated Visible 
Camera 
Object Temperature Range -40°C to 650°C 
Accuracy ±2°C or 2% 
Focus Continuous Automatic or Manual 
Frame Rate 30 Hz 
Sensitivity  <40mK 
Command & Control USB, Wi-Fi 
MSX® Enhancement/Picture in Picture Adds Visible Detail to Thermal/P-i-P 
Overlays Thermal on Visible Image 
Size (L × W × H) 143 × 195 × 95 mm 
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4.7.2 Data Processing software 
Data collected from this study was processed using MATLAB®.  
 
4.8 Summary 
In this chapter, the ethical approval and recruitment procedure for the study were 
discussed. Twenty-two patients aged 4 to 16 years with either Oligoarticular or 
Polyarticular JIA diagnosis were recruited from the routine clinics at the Sheffield 
Children Hospital (SCH). Purpose designed information sheets for eligible 
patient/guardian were provided and duly signed assent/consent forms were obtained 
from the patient/guardian before partaking in the study. The knees and ankles were 
investigated in this study. 
The medical diagnosis and symptoms observed by the clinician for each patient were 
also presented. The specific procedures followed for each study (thermal imaging, 
visual imaging and accelerometry) are presented in the relevant chapters.  
In the next chapter, the results related to the thermal imaging study are presented and 
discussed.  
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Chapter 5 
 Thermal Imaging for the Clinical Assessment of Juvenile 
Idiopathic Arthritis  
In this chapter, thermal imaging (TI) methods are developed and compared with 
routine clinician musculoskeletal examination in assessing knees and ankles with active 
arthritis in children and young people (CYP) with Juvenile idiopathic arthritis (JIA). An 
increase in the joint temperature may indicate inflammation due to active rheumatoid 
arthritis hence accurate means to measure temperature at these joints may assist with 
the clinical assessment and diagnosis of JIA.  
TI techniques were developed to determine whether they can detect the changes in 
temperature (caused by alterations in blood flow patterns) of the skin overlying joints 
which may be inflamed. Thermal videos of the front and back of the knees and ankles 
of twenty patients were recorded. A technique to locate the regions of interest (ROIs) 
enclosing the affected area was developed to allow consistency of analysis across 
patients.  The ROI used polygon segmentation method to best follow the contour of 
the affected area.  The ROIs centred on the knees and ankles were manually 
segmented from the images for further processing.  These were analysed and 
interpreted as described in the following sections 
5.1 Methodology 
5.1.1 Setup at the hospital 
Thermal image recording was performed in a room with consistent temperature and 
humidity and free of draught. The average room temperature and relative humidity 
were 23.6°C (standard deviation (SD) 1.26°) and 33% (SD 2.4%) respectively. 
The patient on arrival sat on a chair draped with towel and placed their feet on the 
ground, equally draped with towel. They sat for approximately 10 minutes, ensuring no 
contact with the knees, to acclimatise with the room temperature and ensure even 
skin blood flow. Thermal recordings of the front and back of the knees and ankles were 
then taken while the patient stood on a towel to isolate the feet from ground.  
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The FLIR T630sc infrared camera and the associated FLIR ResearchIR software from 
FLIR systems were used for the thermal recording. The camera’s features included high 
thermal sensitivity of less than 40𝑚𝑘, pixel resolution of 640 𝑥 480 𝑝𝑖𝑥𝑒𝑙𝑠 . Emissivity 
of the camera was set to 0.98 as is required for the human skin. The thermal camera 
was located one meter away from the patient.  The camera was connected to a laptop 
to display the image as well as store the recorded image. 
5.1.2 Data collection  
A 20-second thermal video recording of the front and back of knees and ankles was 
collected at 30 frames per second in order to allow the temperature measurement 
over a time period rather than just a single image. Recorded data were processed 
offline using the MATLAB© package (The recorded file was converted from sequence to 
mat file). The team that processed the data was unaware of the clinical diagnosis for 
the patients to ensure the unbiased processing. 
5.1.3 Image processing procedures 
For segmenting the images, identifying the location of the knees and ankles was very 
key for this process. A repeatable method to locate the joints was adopted (described 
in the next section).  
5.1.3.1 Segmenting the knee  
Using MATLAB© the first thermal image of the recorded video (containing 20 seconds x 
30 frames per seconds = 600 frames) was displayed on computer screen. Using the 
polygon cropping tool available in MATLAB©, a region centred on the knees was 
manually segmented from the image (see Figure 5-1). The knee region was visually 
located. This was assisted by considering the curvature at the point of the knee region 
(see white arrows in Figure 5-1(a)). A circle was fitted at the location of curve in such a 
manner to best fit into the curve of the knee. The centre of the circle was located. 
From the centre of the circle, an area that covers vertically, 1.5 of the radii of the circle 
forms the ROI (Figure 5-2 shows the anterior view of the knee describing the bone 
make-up of the knee to include the femur/ thigh bone through to the tibia/shin bone). 
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(a) Front knee 
 
(b) Back knee 
Figure 5-1 Sample thermal image showing how knee ROI is identified. The patient is 
facing the camera 
 
Figure 5-2 Anterior view of the knee (London Knee Specialists, 2019) 
5.1.3.2 Segmenting the ankle  
The front of the ankle ROI was identified using the same principle as that used to 
locate the knee ROI (see Figure 5-3). From Figure 5-3(a), the identified ROI is the area 
covering the blue line from top to bottom.  
For the back of the ankles, however, because the ankle joint sits on the heel bone 
(calcaneus - which was observed to be much cooler than the rest of the leg on most 
patients), after fitting the circle around the ankle curve, an area that covered from 1.5 
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of the radii vertically upwards to the bottom of the circle was selected as ROI 
(basically, the blue line in Figure 5-3(b)). Figure 5-4 illustrates the skeletal ankle joint 
which shows the ankle joint to be made of the tibia (shin bone), fibula, and the talus 
(ankle bone).  
 
(a) 
 
(b) 
Figure 5-3 Sample thermal image showing how ankle ROI is identified (a) Front of the 
ankle (b) Back of the ankle 
 
 
Figure 5-4 Illustration of Skeletal ankle (side view and front view) (OrthoInfo, 2019) 
 
The segmentation process using the knee as an example is described in Figure 5-5. 
After the ROI was identified, a mask of the region was generated and mapped over the 
original image, rectangular cropping was then performed to extract the ROI from the 
full image. 
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(a) Identified ROI 
 
(b) The binary mask of ROI 
 
(c) ROI 
 
(d) ROI cropped out  
Figure 5-5 Segmentation process using the knee as an example (a) identified ROI (b) 
ROI binary mask (c) ROI (d) Extracted ROI 
 
The thermal images described are shown in colour images for visual display and for 
visually cropping the first image in the algorithm. However, the images processed were 
not RGB (Red Green Blue) but each pixel represented the actual temperature in degree 
centigrade.  
5.1.3.3 Tracking by template matching 
The ROIs for the remaining images in the same recording were then determined using 
a template matching algorithm based on normalised cross correlation (NCC) (Lewis, 
1995). A tracking operation was needed as the small body movements during the 
recording caused the ROI to appear in different locations for each recorded image.  
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The converted sequence file loaded into MATLAB© as a mat file read approximately 
600 files into the system. The operation of the algorithm is explained in the next steps 
(Griffin,2009). 
• The first image, A, was displayed and the template (ROI) was selected and 
cropped out.  
• For the next image, B, the NCC matrix of the template and image B was 
determined. The NCC matrix is in the value range of -1 to 1(The NCC function 
scans the template over the image to find the best match).  
• The (𝑟𝑜𝑤, 𝑐𝑜𝑙𝑢𝑚𝑛) coordinates of the position of the highest NCC value was 
obtained as the location of the best match in the NCC matrix and used to 
determine the best match in the image B. 
• The coordinates of the best match in image B were then used to identify the 
new template in image B, using the width and height of the first template. 
• This process is repeated for the subsequent images to determine the new ROIs. 
Figure 5-6 illustrates an example performed in the laboratory to test the NCC-based 
tracking algorithm implemented in this study. This example shows a right ankle moving 
from left to right and the ROI marked by the box, maintaining its original position at 
the back of the ankle, irrespective of the ankle movement. Figure 5-7 shows the 
starting location (𝑥, 𝑦) of the ROI in each image for the entire recording. Figure 5-7 
shows the 𝑥 and 𝑦 axes, changing position as it tracks the ROI, verifying the algorithm 
could match the ROI template as it moves. The 𝑥 and 𝑦 axes record the horizontal and 
vertical movement respectively. 
 
 
 
 
 
 
Figure 5-6 ROI tracked through right ankle movement from left to right direction 
Right 
Right 
Right 
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Figure 5-7 ROI locations for each image tracked accurately (the image x coordinate is in 
blue and y coordinate is in red) 
 
An example to illustrate the tracking of the knee is shown in Figures 5-8 to 5-10. The 
first image has ROI starting at the (20.5, 60.5) point (see Figure 5-8).  
 
 
Figure 5-8 Back of knee showing first image ROI at (20.5, 60.5) 
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At the end of the tracking algorithm, the last image shows the ROI at the (29, 60) point, 
(see Figure 5-9) showing that the patient had moved in the course of the recording. 
Despite the movement, the tracking algorithm was still able to identify the ROI. The 
ROI co-ordinates for all the frames is shown in Figure 5-11 showing movements in both 
the 𝑥 and 𝑦 axes.  
 
Figure 5-9 Back of knee showing last frame ROI at (29,60) 
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Figure 5-10 ROI (X, Y image pixel coordinates) tracked through the recorded frames. 
The starting coordinates were approximated in this Figure to (21, 61) 
5.1.3.4 Temperature measurement  
Once the ROI was detected in each image, the pixel values contained within the ROIs 
representing the temperatures were averaged to obtain a single value representing 
the temperature of the selected region. These values were then further averaged 
across all recorded images to obtain a better estimate of the temperature.    
The above process was repeated for the front and back of the knees and ankles.  
5.2 Results and discussion 
The aim of this study was to investigate if high-resolution TI correlates with clinician 
musculoskeletal examination in the identification of changes in skin temperature. 
Eighty thermal images in total were analysed (twenty each from the front and back of 
knees and ankles). 
To aid the analysis of the results, the patients were grouped into three categories 
based on the knees and ankles clinically identified to have active arthritis at the time of 
assessment. 
• Category I: patients with only one knee/ankle with active arthritis 
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• Category II: patients with both knees/ankles with active arthritis 
• Category III: patients with no knee/ankle with active arthritis 
The knees and ankles were segmented with the segmentation process described in 
section 5.1.4.  
Mean temperatures for the left and right knees and ankles were computed and 
compared against clinical assessment. The Percentage Temperature Difference (PTD) 
between the left and right knees and ankles were also obtained and compared 
between categories. The PTD was computed by taking the Absolute Temperature 
Difference (ATD) over the average of the left and right legs’ temperatures as given in 
Equation 5-1, i.e. (Cole & Altman, 2017) 
                                        𝑃𝑇𝐷 =
𝐴𝑇𝐷
(𝑇𝐿 + 𝑇𝑅)/2
× 100 
5-1 
 𝑤ℎ𝑒𝑟𝑒 𝑇𝐿 and 𝑇𝑅 are the measured temperatures for the left and right joints’ (knees 
or ankles) respectively.  
5.2.1 Knee analysis  
5.2.1.1 Category I – Patients with active arthritis in one knee only 
Eight out of twenty patients were clinically diagnosed with active arthritis in one knee. 
Table 5-1 present the mean temperature measurements and PTD values between the 
left and right joints of the front of the knees for category I patients.  
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Table 5-1 TI mean temperatures and temperature difference – Category I - Knees 
Front knee – one knee with active arthritis 
Patient 
Mean 
temperatures -TI 
 
Thermal Imaging-Based 
(A) 
(Front knee) 
Consultant's 
evaluation 
(Active 
arthritis) (B) 
Correlation 
of methods 
(A) and (B) 
Left 
knee 
(°C) 
Right 
knee (°C) 
Warmer 
knee 
ATD 
(°C) 
PTD 
(%) 
1 33.67 32.89 Left 0.78 2.34 Left Yes 
3 30.18 31.17 Right 0.99 3.23 Right Yes 
5 32.17 31.97 Left 0.20 0.62 Right No 
6 30.46 30.90 Right 0.44 1.43 Right Yes 
9 29.61 30.60 Right 0.99 3.29 Left No 
10 30.20 30.45 Right 0.25 0.82 Right Yes 
11 32.61 28.78 Left 3.83 12.48 Left Yes 
12 31.43 31.16 Left 0.27 0.86 Left Yes 
Mean    0.97 3.14    
For the front of the knees, there was 75% (six out of eight) correlation between TI and 
clinical assessment with an average PTD of 3.14% (This PTD value will be compared will 
be compared with that from categories II and III in the following sections). TI results for 
patients 5 and 9 did not agree with clinical evaluation. These two cases are further 
analysed to explore the discrepancy in the thermal and clinical assessments. 
5.2.1.1.1 Patient 5  
The thermal images showing the left and right ROIs (in the box) are shown in Figure 5- 
11. TI reports the left knee to be warmer while clinical observation picks the right knee 
as the knee with active arthritis.  From Figure 5-11, the darker the region, the higher 
the temperature as indicated on the colour bar, so the darker regions appear more on 
the left ROI than the right ROI. The patient, on clinical examination, was reported to 
have a warm, swollen and restricted right knee. They walked with a limp and had fixed 
flexion deformity on the right knee -this means they were unable to fully straighten or 
extend their right knee. This may lead to altered mobility and the patient leaning more 
on the left leg, causing more blood flow through the left leg, thereby resulting in the 
left knee having a higher temperature as measured by TI, for correlation purposes. 
Another factor to be considered is clinician’s prior related knowledge of the patient’s 
diagnosis (obtained through other examinations and assessments) and the visual 
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examination of the knees, which could lead them to decide the knee that is swollen 
and restricted to be the warmer knee. 
 
(a) 
 
(b) 
Figure 5-11 Patient 5 thermal images – (a) Left knee ROI (b) Right knee ROI 
5.2.1.1.2 Patient 9  
The situation is also similar for patient 9. On clinical examination, they were reported 
to have swollen left knee, established restriction on the left knee due to arthritic 
changes to left hip, with adaptive shortening of the overlying muscles causing fixed 
flexion deformity on the left knee. They also walked with 2 elbow crutches with 
reduced weight-bearing through the left leg. Warmth was not detected by the clinician 
for this patient. 
On the thermal images (Figure 5-12), the fixed flexion deformity can be seen on the 
left leg as it looks slightly bent forward (the right leg appears as though it is behind the 
left leg). The darker regions which signify higher temperatures also appear more on 
the right leg than the left leg. So, although the left knee is clinically confirmed to have 
active arthritis, TI has indicated the right knee as being warmer due to the reduced 
weight bearing on the left knee. 
Left Right Right Left 
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Figure 5-12 Patient 9 thermal image showing the right leg with darker regions (higher 
temperatures) than the left leg 
Table 5-2 presents results for the back of the knees. Correlation between TI and 
consultant’s evaluation is 50% while the other 50% did not agree including patients 5 
and 9, whose front knee TI measurement did not also agree with the consultant’s 
evaluation (same reasons apply for the front and back of knees for patients 5 and 9). 
Thermal images for the front and back of the knees of patients 1 and 12 are provided 
in Figure 5-13. 
Table 5-2 Mean temperatures and PTD for back of knees 
Back knee – one knee with active arthritis 
Patient 
Mean 
temperatures -TI 
 
Thermal Imaging-Based 
(A) 
(Back knee) 
Consultant's 
evaluation 
(Active 
arthritis) (B) 
Correlation 
of methods 
(A) and (B) 
Left 
knee 
(°C) 
Right 
knee (°C) 
Warmer 
knee 
ATD 
(°C) 
PTD 
(%) 
1 32.84 32.89 Right 0.05 0.15 Left No 
3 29.65 29.93 Right  0.27 0.92 Right Yes 
5 33.61 33.15 Left  0.46 1.37 Right No 
6 30.64 31.10 Right  0.46 1.48 Right Yes 
9 29.94 31.19 Right  1.25 4.09 Left No 
10 31.17 31.23 Right  0.06 0.18 Right Yes 
11 31.05 30.76 Left  0.29 0.94 Left Yes 
12 30.53 30.72 Right  0.19 0.60 Left No 
Mean    0.38 1.22   
 
Right Left 
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(a)  Patient 1 (front) 
 
(b)  Patient 1 (back) 
 
(c) Patient12 (front) 
 
(d) Patient 12 (back) 
Figure 5-13 Thermal images for front and back of knees for patients’ 1 and 12 
 
For patients 1 and 12, the temperature difference between the left and right knees 
were more noticeable from the thermal images at the front than at the back (Figure 5-
13). The mean PTD for front of the knees was higher at 3.14% than for back of knees at 
1.22% indicating the temperature changes were more pronounced at the front than 
the back as well. These suggest that the front knees gave a better presentation of the 
situation. However, the results from the front and the back of knees (Tables 5-1 and 5-
2) show a 75% correlation, indicating there is consistency in the results. 
5.2.1.1.3 Patient 11  
This patient presents a case where TI and consultant’s evaluation did correlate. The 
thermal images for the front and back of the knees are shown in Figure 5-14. Clinical 
examination reported a warm, restricted and swollen left knee, and was diagnosed 
with active arthritis on the day of assessment. TI results also showed the left knee was 
warmer than the right by 12.48% at the front and 0.94% at the back. 
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(a) 
 
(b)  
Figure 5-14 Patient 11 thermal images (a) Front knee (b) back knee 
5.2.1.2 Category II – Patients with active arthritis in both knees  
This category includes patients that had active arthritis in both knees according to 
clinical evaluation. Direct comparison between TI and consultant’s evaluation could 
not be carried out for this group as there was no record of normal skin temperature for 
each patient to be used as a baseline reference. However, to determine how skin 
temperature around the knee compared to other parts of the body, a section from the 
back of the left and right legs was segmented, averaged and used as a reference (to 
see if the knee temperatures are higher). Results are shown in Table 5-3.  
  
Right Left 
Left Right 
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Table 5-3 Front and back knee temperatures for when both knees are diagnosed with 
active arthritis 
Active arthritis in both knees (Consultant’s evaluation) 
Mean temperatures - TI 
Patient 
Front of the knee Back of the knee 
Reference 
(°C) 
Left 
knee 
(°C) 
Right 
knee 
(°C) 
ATD 
(°C) 
PTD 
(%) 
Left 
knee 
(°C) 
Right 
knee 
(°C) 
ATD 
(°C) 
PTD 
(%) 
2 28.34 28.47 0.13 0.46 29.11 29.21 0.11 0.36 28.33 
7 32.23 33.14 0.91 2.78 31.79 31.80 0.01 0.03 29.21 
8 30.16 30.81 0.65 2.12 30.96 30.95 0.01 0.04 29.35 
14 31.56 31.33 0.23 0.72 31.49 31.50 0.01 0.03 30.03 
15 33.17 32.82 0.35 1.05 32.68 32.73 0.06 0.17 31.35 
16 32.68 32.90 0.23 0.69 32.72 32.16 0.57 1.74 31.61 
17 30.90 31.16 0.26 0.84 30.90 30.71 0.19 0.60 29.42 
19 32.56 32.81 0.25 0.77 32.42 32.36 0.05 0.16 30.89 
Mean   0.37 1.18   0.12 0.39  
 
For all the patients in this category except patient 2 (front of the knees), the computed 
reference temperature, for both the front and back of the knees was lower than the 
knee temperatures (see Figures 5-15 and 5-16), giving an indication that the knees 
could have the active disease as evaluated by the consultant. For patient 2 (front of 
knees), the left and right knees and computed reference temperatures are close. 
 
Figure 5-15 Chart showing reference temperature (grey bar) lower than the left and 
right knee temperatures for front of the knee 
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Figure 5-16 Chart showing reference temperature (grey bar) lower than the left and 
right knee temperatures for back of the knee  
 
The PTD for categories I (one knee active) and II (both knees active) are summarised in 
Table 5-4.  For the front knee, category I PTD was 2.7 times higher than the category II 
PTD and for the back knees, 3.1 times higher than the category II PTD.  
 
Table 5-4 Average PTD for category I and II 
Category PTD (%) 
Front knee Back knee 
I (one knee active) 3.14 1.22 
II (both knees active) 1.18 0.39  
 
Analysing the temperature difference was another way to investigate and compare the 
results with the clinician’s assessment as this is independent of the computed 
reference temperatures. Theoretically, PTD for when one knee is active should be 
higher than that for when both knees are active. The result presented in Table 5-4 
conforms to theory, further indicating that TI partially agrees with clinical assessment. 
However, with no information regarding which knee was worse from the clinical 
examination or a measured reference temperature, there was no way to adequately 
correlate TI analysis with the consultant’s evaluation. Results were not conclusive. 
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5.2.1.3 Category III – Patients with no active knee arthritis 
Patients in this category did not have active arthritis in the knees at the time of the 
clinical assessment. It is expected then that the temperatures measured at the left and 
right knees to be approximately the same or with minimal difference. The PTD for the 
front and back of the knees is computed (Table 5-5) and compared with the PTD from 
category I.  
Table 5-5 Front and back knee mean temperatures with no active arthritis 
No active arthritis in the knees (Consultant’s evaluation) 
Mean temperatures - TI 
Patient 
Front knee 
 
Back knee 
 
Left 
knee 
(°C) 
Right 
knee 
(°C) 
ATD 
(°C) 
PTD 
(%) 
Left 
knee 
(°C) 
Right 
knee 
(°C) 
ATD 
(°C) 
PTD 
(%) 
4 31.90 31.87 0.03 0.09 32.39 32.06 0.32 1.01 
13 30.38 30.28 0.10 0.33 32.41 31.70 0.71 2.21 
18 32.40 32.18 0.23 0.70 31.25 31.51 0.26 0.83 
20 31.61 31.76 0.15 0.48 31.07 31.45 0.38 1.23 
Mean   0.13 0.40   0.42 1.32 
 
Table 5-6 shows the mean PTD for categories I and III patients for the front and back of 
the knees. 
Table 5-6 Average PTD for category I and III 
Category PTD (%) 
Front knee Back knee 
I (one active arthritic knee) 3.14 1.22 
III (No active arthritic knee) 0.40 1.32  
 
From Table 5-6, the PTD for the front of the knees is 7.85 times lower than that of 
category I, agreeing with theory. The back of the knees however, showed a slightly 
higher PTD than those of category I (1.08 times higher), suggesting there was a higher 
temperature change between the left and right knees at the back.  
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So, while the front of the knees did suggest both knees may be inactive as PTD is much 
lower than those of category I, the back of knees shows a slightly higher PTD, 
suggesting there may be some activity. There was, therefore, partial correlation 
between TI and consultant’s evaluation. Same experiments on a larger data set, would 
give more details on the results. The thermal images for the back of the knees are 
provided in Figure 5-17 showing visually that there were significant temperature 
changes between both knees. 
 
 Patient 4 
 
Patient 13 
 
Patient 20 
Figure 5-17 Thermal images showing back of knees for category III Patients  
 
  
Left Right 
Left Right 
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5.2.2 Ankle analysis 
The results for the ankles are presented in this section.  
5.2.2.1 Category I – Patients with active arthritis in one ankle 
Patients in this group include 1, 2, 6, 7, 8, 9, 10, 13, and 16. The mean temperatures 
obtained for each patient for the front and back of ankles is shown in Tables 5-7 and 5-
8.  TI and clinical evaluation fully correlate for patients 6, 7, 8 and 10; partially 
correlate for patients 2, 13 and 16 (where the TI did not detect the same ankle as 
warmer for the front and the back) and no correlation for patients 1 and 9. 
Table 5-7 Front ankle results for patients with one active ankle arthritis. 
Front ankle – one ankle with active arthritis 
Patient 
Mean 
temperatures -TI 
 
Thermal Imaging-Based 
(A) 
(Front ankle) 
Consultant's 
evaluation 
(Active 
arthritis) (B) 
Correlation 
of methods 
(A) and (B) 
Left 
knee 
(°C) 
Right 
knee (°C) 
Warmer 
ankle 
ATD 
(°C) 
PTD 
(%) 
1 32.76 33.28 Right 0.52 1.58 Left No 
2 30.61 30.56 Left 0.05 0.15 Left Yes  
6 28.47 30.30 Right  1.82 6.20 Right Yes 
7 26.21 30.88 Right  4.67 16.37 Right Yes 
8 28.08 29.24 Right  1.16 4.04 Right Yes 
9 24.92 26.94 Right  2.01 7.77 Left No 
10 32.47 32.79 Right  0.32 0.97 Right Yes 
13 31.28 30.52 Left 0.76 2.46 Right No 
16 33.30 33.11 Left  0.19 0.57 Left Yes 
Mean     1.28 4.46   
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Table 5-8 Back ankle results for patients with one active ankle arthritis 
Back ankle – one ankle with active arthritis 
Patient 
Mean 
temperatures -TI 
 
Thermal Imaging-Based 
(A) 
(Back ankle) 
Consultant's 
evaluation 
(Active 
arthritis) (B) 
Correlation 
of methods 
(A) and (B) 
Left 
knee 
(°C) 
Right 
knee 
(°C) 
Warmer 
ankle 
ATD 
(°C) 
PTD 
(%) 
1 31.29 31.36 Right  0.07 0.22 Left No 
2 28.10 28.36 Right  0.27 0.95 Left No 
6 28.65 29.04 Right  0.39 1.36 Right Yes 
7 25.89 30.43 Right  4.54 16.12 Right Yes 
8 26.64 28.13 Right  1.49 5.45 Right Yes 
9 25.26 26.45 Right  1.19 4.59 Left No 
10 30.68 30.74 Right  0.05 0.18 Right Yes 
13 29.40 30.52 Right  1.12 3.74 Right Yes 
16 31.66 31.72 Right  0.06 0.21 Left No 
Mean     1.02 3.65   
 
The cases for some patients are explored further in the following sections 
5.2.2.1.1 Patient 1 
The TI and clinical report did not agree for this patient. Figure 5-18 provides the TI of 
the front and back of the ankles.  
 
(a) Front ankle 
 
(b) Back ankle 
Figure 5-18 Thermal images for patient 1 showing the (a) front and (b) back of ankles 
(The warmer regions are the darkest spots as indicated in the colour bar) 
 
Right Left Right Left 
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As seen from Figure 5-18, the right ankle showed warmer regions than the left ankle 
(the front more than the back). Clinical assessment reported the patient had a swollen 
left ankle thereby putting more weight on the right leg. Warmth was not detected on 
both ankles by the consultant. TI has detected the right ankle as the warmer joint and 
this could be due to the reduced weight bearing on the left leg, which causes more 
blood flow on the right leg. 
5.2.2.1.2 Patient 9  
Patient 9 TI data and clinical report did not also correlate. The thermal images are 
provided in Figure 5-19. 
  
(a) Front ankle 
 
(b) Back ankle 
Figure 5-19: TI for patient 9 showing the front and back of ankles (The hotter regions 
are the darker regions) 
The right ankle shows a higher temperature than the left for the front and back 
according to TI. Clinical report stated the left ankle was the joint with active arthritis; it 
also reported the patient had arthritic changes to their left hip, shortening of the 
overlying muscles causing flexion deformity on the left knee, walked with the aid of 
elbow crutches with reduced weight-bearing through the left leg as previously 
identified in the knees.  The patient had more of their weight on the right limb, so 
more blood flows through the right than the left, and as discussed in the knee analysis, 
could be responsible for why both methods do not agree.  The clinician did not also 
detect warmth at the ankles during their clinical assessment. 
Right Left 
Right 
Left 
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5.2.2.1.3 Patient 13    
There was partial correlation in this case. Clinical report indicated the right ankle to be 
the affected joint. The patient had swollen, restricted right ankle, severe degenerative 
changes to the right ankle, walked with a significant limp and occasionally required a 
wheelchair. The clinicians did not record any joint warmth at the time of assessment. 
The TI results from the front of the ankles showed the left was warmer by 0.76°C and 
the back ankles showed the right ankle was warmer by 1.12°C. Thermal images are 
shown in Figure 5-20. 
 
(a) Front ankle 
 
(b) Back ankle 
Figure 5-20: TI for Patient 13 showing the front and back of ankles (darker regions are 
warmest) 
 
The thermal image of the front ankles clearly shows the left ankle was warmer. The 
image in Figure 5-20(a) gives an indication the left was leaned more into, as the right 
looks slightly jutted forward, and may have caused the left ankle to look warmer at the 
front.  
  
Right Left Right 
Left 
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5.2.2.1.4 Patient 7  
This is a case where there was full correlation between TI and clinical report. TI images 
are shown in Figure 5-21. 
 
(a) 
 
(b) 
Figure 5-21: TI for patient 7 showing the front and back of ankles (darker regions are warmest) 
 
Clinical report indicated the right ankle had active arthritis. TI also detected the same 
ankle as the warmer one as detailed in Tables 5-7 and 5-8. 
5.2.2.2 Category II–Patients with active arthritis in both ankles  
Four (4) of the patients had both ankles diagnosed with active arthritis on the day of 
assessment. An attempt to determine how the ankle temperatures compared against 
another section of the leg was performed to aid analysis. The results of the mean 
temperatures obtained for this group compared with the computed reference 
temperature (back of the legs) are shown in Table 5-9. 
  
Right Right Left Left 
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Table 5-9 Patients with active arthritis in both ankles 
Active arthritis in both ankles (Consultant’s evaluation) 
Mean temperatures - TI 
Patient 
Front ankle 
 
Back ankle 
Reference 
(°C) 
Left 
ankle 
(°C) 
Right 
ankle 
(°C) 
ATD 
(°C) 
PTD 
(%) 
Left 
ankle 
(°C) 
Right 
ankle 
(°C) 
ATD 
(°C) 
PTD 
(%) 
12 30.95 30.76 0.19 0.63 29.32 29.26 0.07 0.22 29.39 
14 33.00 32.70 0.30 0.91 30.23 30.90 0.68 2.21 30.03 
18 33.94 33.65 0.29 0.86 31.57 32.22 0.65 2.05 30.69 
20 33.03 32.97 0.05 0.16 31.77 31.51 0.26 0.84 29.80 
Mean   0.21 0.64   0.41 1.33  
 
Figures 5-22 and 5-23 compares the left, right and reference temperatures for the 
front and back of ankles respectively. 
 
Figure 5-22 Comparing left ankle, right ankle and reference temperatures for front of 
ankles 
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Figure 5-23 Comparing left ankle, right ankle and reference temperatures for back of 
ankles 
From Figures 5-22 and 5-23, the computed reference temperature was lower than the 
right and left ankle temperatures for both the front and back ankles except for patient 
12 whose computed reference temperature was slightly warmer than the left ankle at 
the back of the ankles. With most of the ankle temperatures higher than the reference 
(back leg section), could mean there was active arthritis in both ankles.  
One of the challenges considered was the reference selection method. The region 
selected may not be a true representation of the patient’s normal temperature as the 
selected sections could be affected by the arthritis as well or other external factors. 
However, with the reference temperatures being consistently lower than the ankle 
temperatures in 87.5% of the cases, does give strong indication the method could be 
accurate. A clinical measure of the normal skin temperature of the leg region would 
aid in making a more definite analysis. 
The average PTD for the front and back of ankles was lower than that obtained for 
patients with only one ankle affected, as would be expected. This is shown in Table 5-
10.  
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Table 5-10: Average PTD for Patients in categories I and II 
Category PTD (%) 
Front knee Back knee 
I (one active arthritic ankle) 4.46 3.65 
II (both active arthritic ankles) 0.64 1.33 
 
The musculoskeletal examination did not record which ankle felt warmer (even though 
both were suspected), therefore proper correlation between TI and clinical 
examination was not possible. Further information regarding the skin temperature of 
the patients would aid for a more accurate comparison. Results were inconclusive 
5.2.2.3 Category III - Patients with no active arthritis in the ankles 
This group of patients did not have active arthritis in the ankles according to clinical 
reports. TI results obtained are shown in Table 5-11. The average PTDs were compared 
with those with only one ankle affected (Table 5-12).  
Table 5-11 Patients with no active ankle arthritis 
No active arthritis in the ankles (Consultant’s evaluation) 
Mean temperatures - TI 
Patient 
Front of the ankles 
 
Back of the ankles 
 
Left 
ankle 
(°C) 
Right 
ankle 
(°C) 
ATD 
(°C) 
PTD 
(%) 
Left 
ankle 
(°C) 
Right 
ankle 
(°C) 
ATD 
(°C) 
PTD 
(%) 
3 31.24 31.20 0.04 0.13 29.95 29.76 0.18 0.62 
4 31.51 30.84 0.66 2.13 29.06 29.78 0.72 2.45 
5 31.42 30.77 0.65 2.09 30.15 29.29 0.86 2.91 
11 26.65 26.66 0.00 0.01 27.41 27.24 0.17 0.62 
15 33.21 33.57 0.35 1.06 32.36 32.33 0.03 0.10 
17 32.31 32.34 0.03 0.10 30.86 30.46 0.39 1.29 
19 31.03 31.00 0.04 0.12 30.78 30.45 0.32 1.06 
Mean   0.25 0.81   0.38 1.29 
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Table 5-12: Average PTD between patients in categories I and III 
Category PTD (%) 
Front ankles Back ankles 
I (one active arthritic ankle) 4.46 3.65 
III (no active arthritic ankle) 0.81 1.29 
  
The PTDs for the front and back ankles are consistently lower for the patients with no 
active arthritic ankle than those with the one ankle affected.  
5.3 Summary 
The research methodology and results for the thermal imaging study were presented 
in this chapter. The thermal recording was performed in a room with consistent 
temperature (approximately 23.6°C) and humidity (33%). A 20-second thermal video 
(at 30 frames per second) of the front and back of the knees and ankles was collected 
after a 10-minute acclimatisation time using the FLIR T630sc thermal camera. 
The regions of interest (ROIs) were then manually segmented after properly identifying 
the joints. A consistent method for locating the knee and ankle regions was adopted. 
To track the segmented ROI (template) through the recorded images, a template 
matching algorithm based on normalised cross correlation was implemented. The 
average of the pixel values (temperatures) contained within the ROIs was obtained for 
temperature measurement. 
Patients were grouped into three from clinical evaluation of which knees/ankles had 
active arthritis at the time of the assessment – only one knee/ankle active, both 
knees/ankles active and no knee/ankle active (categories I to III respectively). 
Correlation between TI and clinical assessment was seen to be higher at the front of 
the joints with a 75% correlation at the front of knees and ankles for category I 
patients. Inconsistencies were observed in some patients, which may be due to the 
increased reliance on the side with no active arthritis, leading to a higher physical 
activity and a temperature increase that exceeds that produced by the arthritis. 
Clinician’s prior knowledge of the patients and their diagnosis may also influence 
which joint they detect as warmer. 
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For categories II and III patients, the Percentage Temperature Difference (PTD) was 
observed to be consistently lower than those of category I patients, agreeing with 
theory. 
These findings confirm the ability of TI to assist clinicians in determining joints' 
temperature and therefore gives good indication that TI may potentially be an 
effective tool to aid clinical diagnosis of JIA. 
In the next chapter, the results obtained from the visual imaging study are presented 
and discussed.  
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Chapter 6 
 Visual imaging (VI) and its Correlation with Thermal Imaging 
to Assist with Clinical JIA diagnosis 
Clinicians look for skin colour changes at the joints of patients suspected of JIA as the 
changes provide further evidence of the condition. This colour evaluation is subjective 
and as sometimes the changes are subtle, their detection can be challenging. An 
automated quantitative way of analysing colour of the joints can make the assessment 
more accurate and consistent.  
A method of analysing joint colour in JIA patients was developed and evaluated on 20 
JIA patients.  The visual image analysis on the patient’s knee (front and back) and ankle 
(front and back) were obtained. These were investigated to explore whether JIA had 
altered the skin colour of the joint suspected of JIA. The FLIR T630sc camera used for 
the thermal recording contains a visual camera which was used to take single visual 
colour images from the front and back of the knees and ankles for each patient.  
The images taken were compared to a reference image (a section under just under the 
knee) based on their colour features using the Euclidean distance metric method. The 
image that was more different from the reference image, in terms of colour, was more 
likely the active arthritic joint. The results obtained were correlated to the consultant’s 
evaluation as well as the thermal imaging results from Chapter 5. 
6.1 Methodology 
6.1.1 Data collection 
Single visual images of the front and back of knees and ankles of the twenty patients 
with active arthritis on one or both knees and ankles were taken in standing position, 
using the FLIR T630sc camera. The acquired images were in JPEG format with a 
resolution of 2592 x 1944 pixels. The visual images were taken immediately after 
acquiring the thermal images, ensuring the knees and ankles were not touched.  
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6.1.2 Data processing  
The steps involved in processing the images are explained in the following subsections. 
6.1.2.1 Identification and segmentation of the regions of interest (ROI) 
The ROI identification process used for selecting the knees and ankles in the thermal 
images discussed in chapter 5 (Section 5.1.3) was also implemented here for 
identifying the areas to be segmented. The selected regions for the knees and ankles in 
a patient were roughly the same size as illustrated in the knee example in Figure 6-1. 
The areas selected under the knees were cropped and used for reference. Figure 6-2 
shows the cropped ROIs. 
 
Figure 6-1 The cropped knee region and areas under them used to obtain the 
reference are shown. 
Right Left 
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Figure 6-2 Sample of knee segmented regions after cropping showing the black 
background of the cropped ROIs in (a) and (b) 
6.1.2.2 Reference image consideration 
Comparing the left and right joints to a reference was considered rather than 
comparing the joints directly because even two healthy joints would not be of the 
same colour when quantified. So, the idea to compare to a reference image was to 
determine, which was more different to that reference section taken from the same 
patient. 
There were two options to compare the colours of the knees/ankles for the patients: 
1. Comparison of the colour of each knee/ankle with a reference region taken 
from under the same knee (i.e. comparing left knee/ankle with reference taken 
from under left knee and right knee/ankle with reference taken from under 
right knee). In this approach, the possible colour offset of a leg would not affect 
the comparisons but the issue with this approach is that the two knees are 
using different references (Results are presented in Table 6-1). 
2. Comparison of the colours of the knees/ankles with the average of the 
reference regions taken under both knees. In this approach, a common 
reference is used for both knees/ankles and the difficulty referred to in 
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approach A is overcome and thus chosen for the analysis of the visual images 
(see Table 6-2).  
Figure 6-1 shows the reference regions under the knees manually cropped by 
displaying the visual image on the screen. The sizes of the two references were the 
same and they were averaged to obtain a common reference. 
6.1.2.3 Similarity metric 
The Euclidean distance metric was used to determine the similarity between the 
images using the histograms as a colour feature. The histograms, which hold the colour 
information of the images, (knees, ankles and reference), were obtained and the 
similarity index was computed by calculating the Euclidean distance between their 
histograms. The smaller the distance, the higher the similarity between the images. 
The Euclidean distance (𝑒𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒) for 𝑛 pixels between the colour distributions of 
the test image, 𝐴 and the reference image, 𝐵 is given in Equation 6-1. 
𝑒𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = √∑ (𝐴𝑖 − 𝐵𝑖)2
𝑛
𝑖=1   6-1 
 
6.1.2.4 Comparing the colours of the ROIs and Reference 
In order to compare the colours of the knees/ankles with the common reference, the 
colour histograms of the knee/ankle regions and that of the common reference were 
obtained in the red, green and blue channels. The pixel values histogram bin number 
covered the full range for each channel, i.e. 0 to 255. Bin 0 was excluded as it 
represented the black background of the cropped region (the cropped regions for the 
knee/ankle appeared on a square frame with areas not covered by the selected region 
appeared as black – see Figures 6-2(a) and (b)). The Euclidean distance of the 
histograms of each knee/ankle and that of the reference for each channel were then 
determined. The mean distance was then computed by averaging the distances 
obtained from the red, green and blue channels of the colour images. The knee/ankle 
image with a larger distance was considered the joint with more changes in colour as 
compared to the other knee/ankle.    
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6.1.2.5  Operation of the algorithm 
Eighty visual images in total were processed (twenty each from the front and back of 
the knees and ankles). The acquired images were subsequently processed offline in 
MATLAB©. Each visual image was loaded and displayed on a computer screen and the 
knees, ankles, and reference were identified and cropped. The histograms for the 
images were computed and the similarity between the joints and reference was 
determined by finding the Euclidean distance between their histograms (colour 
distributions). The image less similar to the reference was considered to be the joint 
with more colour changes, and for the purpose of this study, assumed to be due to the 
active arthritis.  
6.1.2.6 Testing the algorithm 
The images to be compared in this study had no obvious differences in colour as can be 
seen in Figures 6-1 and 6-2. Therefore, some sample coloured pictures were initially 
used to test the working of the algorithm. 
Figures 6-3 show some sample images tested. 
 
Reference image 
 
Test image 1 
 
Test image 2 
 
(a) 
  
Distance = 1412 
 
 
Distance = 1960 
(b) 
 
 
 
Distance = 53 
 
Distance = 64 
Figure 6-3 Sample images used to test similarity algorithm (Keen, 2005) 
 
In order to illustrate the effectiveness of colour assessments, the images shown in 
Figure 6-3 were used. The figure shows two sets of images, (a) and (b) and the 
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similarity algorithm was tested to see if the images that more are more similar in 
colour would have a smaller distance. The reference images were used to compare 
with the test images 1 and 2.  
Following the algorithm procedures, for the set of images in (a), the histogram (which 
stores the colour information) of all three images were obtained and the Euclidean 
distances between the histograms of the reference image and the test image 1 was 
1412 and between those of the reference and test image 2, was 1960. The test image 1 
had a smaller distance to the reference than the test image 2.  
For the second set of images in (b), the Euclidean distances between the histograms of 
the reference image and test images 1 and 2, were also computed and compared. The 
test 1 image was also seen to have a smaller distance to the reference than the test 2 
image at 53 and 64 respectively.  
This was a test of image similarity, and it can be concluded from the test, that the 
images in test 1 were more like their reference images than those in test 2, as would 
be expected from perceived similarity (see Figure 6-3).  The algorithm was, therefore, 
able to detect the more similar pictures in these samples. 
6.2 Results and discussion 
Visual imaging (VI) results were compared with TI to determine if the joint with more 
colour changes in comparison to the reference was the warmer joint and compared 
with the consultant’s evaluation to determine if it was also the joint clinically assessed 
with active arthritis (correlation analysis with consultants’ assessment was only 
possible for patients with one active arthritic knee/ankle). 
6.2.1 Analysis of the front of the knees (Correlation with TI and consultant’s 
evaluation) 
The front of the knees was processed using the reference image methods 1 and 2 
described in section 6.1.2.2 to determine which correlated higher with the consultant’s 
report and TI. The percentage distance difference (PDD) between the left and right 
knees was computed to determine how they differed. 
Tables 6-1 and 6-2 present the VI results obtained using the two reference image types 
and the correlation with TI and clinical assessment. 
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Table 6-1 Correlation between VI using ‘under same knee’ reference, consultant’s 
evaluation and TI results 
Front of the Knee 
Subject 
VI – Distance measures 
Consultant’s 
evaluation- active 
arthritic knee (A) 
TI’s 
warmer 
knee (B) 
 
Correlation ‘Under same knee’ 
reference (1) 
PDD between 
left and right 
knee (%) 
Knee with 
higher 
distance 
A B 
1 4.73 Right Left Left No No 
2 7.99 Right Both Right - Yes 
3 18.76 Right Right Right Yes Yes 
4 11.71 Right None Left - No 
5 21.76 Left Right Left No Yes 
6 5.17 Left Right Right No No 
7 12.42 Left Both Right - No 
8 11.72 Right Both Right - Yes 
9 18.08 Left Left Right Yes No 
10 10.08 Right Right Right Yes Yes 
11 11.70 Right Left Left No No 
12 7.81 Left Left Left Yes Yes 
13 5.16 Left None Left - Yes 
14 14.94 Left Both Left - Yes 
15 1.61 Right Both Left - No 
16 3.38 Right Both Right - Yes 
17 27.34 Right Both Right - Yes 
18 0.07 Right None Left - No 
19 8.68 Right Both Left - No 
20 3.94 Right None Right - Yes 
 
  
89 
 
Table 6-2 Correlation between VI using common reference, consultant’s evaluation 
and TI results 
Front of the Knee 
Subject 
VI – Distance measures 
Consultant’s 
evaluation- active 
arthritic knee (A) 
TI’s 
warmer 
knee (B) 
 
Correlation 
Common reference (2) 
PDD between 
Left and Right 
knee (%) 
Knee with 
Higher 
Distance 
A B 
1 2.82 Left Left Left Yes Yes 
2 8.57 Right Both Right - Yes 
3 17.46 Right Right Right Yes Yes 
4 1.24 Right None Left - No 
5 11.74 Left Right Left No Yes 
6 3.08 Left Right Right No No 
7 2.77 Right Both Right - Yes 
8 10.91 Right Both Right - Yes 
9 5.32 Left Left Right Yes No 
10 5.99 Right Right Right Yes Yes 
11 10.96 Right Left Left No No 
12 2.10 Left Left Left Yes Yes 
13 2.04 Left None Left - Yes 
14 6.50 Left Both Left - Yes 
15 7.72 Left Both Left - Yes 
16 5.03 Right Both Right - Yes 
17 22.98 Right Both Right - Yes 
18 0.10 Left None Left - Yes 
19 13.64 Left Both Left - Yes 
20 3.16 Right None Right - Yes 
 
Table 6-1 shows a 50% correlation between VI and consultants’ evaluation and 55% 
correlation between VI and TI. Table 6-2, on the other hand, shows a 62.5% correlation 
between VI and consultants’ evaluation and an 80% correlation between VI and TI. The 
results show that the common reference method correlated slightly higher than the 
‘under same knee’ reference. The common reference method, which used a more 
unified reference image, was therefore chosen for the analysis of the visual images.  
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6.2.2 Results for the back of the knees (Correlation with consultants’ evaluation 
and TI) 
The results for the back of the knees are shown in Table 6-3. 
Table 6-3 Back of the knee correlation between VI, consultants’ evaluation and TI 
Back of the Knee 
Subject 
VI – Distance measures 
Consultant’s 
evaluation- active 
arthritic knee (A) 
TI’s 
warmer 
knee (B) 
 
Correlation 
Common reference 
PDD between 
left and right 
knee (%) 
Knee with 
higher 
distance 
A B 
1 6.82 Right Left Left No No 
2 3.76 Left Both Right - No 
3 1.63 Left Right Right No No 
4 2.21 Right None Left - No 
5 1.90 Left Right Left No Yes 
6 9.50 Left Right Right No No 
7 0.72 Right Both Right - Yes 
8 6.40 Left Both Right - No 
9 3.65 Right Left Right No Yes 
10 1.27 Left Right Right No No 
11 2.38 Left Left Left Yes Yes 
12 9.85 Right Left Left No No 
13 10.01 Right None Left - No 
14 12.97 Right Both Left - No 
15 10.03 Left Both Left - Yes 
16 0.72 Right Both Right - Yes 
17 3.06 Right Both Right - Yes 
18 16.99 Left None Left - Yes 
19 0.37 Left Both Left - Yes 
20 4.53 Left None Right - No 
 
As can be seen from Table 6-3, VI did not show a high correlation with clinical 
assessment and TI at 12.5% and 45% respectively. This finding shows that the colours 
of the front and back of the knees were not closely related since a higher correlation 
was obtained at the front of the knees.  
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6.2.3 Results for the front of the ankles (Correlation with consultants’ evaluation 
and TI) 
Table 6-4 presents the results obtained from the front of the ankles. 
Table 6-4 Correlation between VI, consultant’s evaluation and TI results for front of the 
ankle  
Front of the ankle 
Subject 
VI – Distance measures 
Consultant’s 
evaluation- active 
arthritic ankle (A) 
TI’s 
warmer 
ankle (B) 
 
Correlation 
Common reference 
PDD between 
left and right 
ankle (%) 
Ankle 
with 
higher 
distance 
A B 
1 0.56 Right Left Right No Yes 
2 3.26 Left Left Left Yes Yes 
3 9.28 Left None Left - Yes 
4 2.44 Right None Left - No 
5 1.50 Left None Left - Yes 
6 2.44 Left Right Right No No 
7 3.70 Right Right Right Yes Yes 
8 4.76 Right Right Right Yes Yes 
9 4.17 Right Left Right No Yes 
10 8.12 Left Right Right No No 
11 13.78 Right None Right - Yes 
12 3.43 Right Both Left - No 
13 4.10 Right Right Left Yes No 
14 3.13 Right Both Left - No 
15 0.30 Left None Right - No 
16 0.55 Left Left Left Yes Yes 
17 10.17 Left None Right - No 
18 0.84 Right Both Left - No 
19 1.92 Left None Left - Yes 
20 5.56 Left Both Left - Yes 
 
From Table 6-4, VI shows a 62.5% correlation with the consultant’s evaluation and a 
55% correlation with TI. 
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6.2.4 Results for the back of the ankles (Correlation with consultants’ evaluation 
and TI) 
The results from analysing the back of the ankles is presented in Table 6-5 
Table 6-5 Correlation between VI, consultant’s evaluation and TI results for back of the 
ankle  
Back of the ankle 
Subject 
VI – Distance measures 
Consultant’s 
evaluation- active 
arthritic ankle (A) 
TI’s warmer 
ankle (B) 
 
Correlation 
Common reference 
PDD between 
left and right 
ankle (%) 
Ankle 
with 
higher 
distance 
A B 
1 5.72 Right  Left Right  No  Yes 
2 14.17 Right  Left Right  No  Yes  
3 15.98 Right  None Left - No  
4 14.41 Right  None Right  - Yes  
5 2.56 Left  None Left - Yes  
6 3.74 Right  Right Right  Yes  Yes  
7 2.50 Right  Right Right  Yes  Yes  
8 14.16 Left  Right Right  No No  
9 3.49 Right  Left Right  No  Yes  
10 9.76 Right  Right Right  Yes  Yes  
11 12.47 Left  None Left - Yes  
12 5.35 Left  Both Left - Yes 
13 16.97 Left  Right Right  No  No 
14 5.40 Left  Both  Right  - No 
15 2.68 Right  None Left - No 
16 3.02 Right  Left Right  No  Yes 
17 16.72 Right  None Left - No 
18 4.27 Left  Both  Right  - No 
19 5.56 Right  None Left - No  
20 6.53 Right  Both Left - No  
 
From Table 6-5, VI shows a 37.5% correlation with clinical evaluation and a 55% 
correlation with TI. 
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6.2.5 Summary of the correlation results 
Table 6-6 Correlation results (Techniques compared separately) 
Joint 
VI correlation with (%) 
Consultants evaluation of 
joint with active arthritis  
TI detected warmer joints 
Front of knees 62.5 80 
Back of knees 12.5 45 
Front of ankles 62.5 55 
Back of ankles 37.5 55 
 
The above average correlation of VI with TI at the front of knees, front and back of 
ankles does suggests the joint detected to be warmer by TI also had greater changes in 
their colours (see Table 6-6). 
The results obtained for the front of the knees indicated the highest correlation and so 
this area was more sensitive to the colour changes. In most patients, the knee with the 
greater Euclidean distance was also the active arthritic knee and the warmer knee 
when comparing the techniques separately. A 62.5% correlation with clinical 
assessment and 80% correlation with TI, confirm that in some patient, JIA may alter 
the skin colour of the affected joint, and so the technique may potentially aid in JIA 
diagnosis.  
The combined correlation between VI, TI and the consultant's evaluation was also 
explored. Results are summarised in Table 6-7. There was a 50% correlation at the 
front of the knees which identified the knees with a higher Euclidean distance as the TI 
detected warmer knee as well as consultants' assessed JIA active knee. For the rest of 
the joints, VI did not show a high correlation with the other techniques combined.  
Table 6-7 Combined correlation between VI, consultants’ evaluation and TI 
Joint 
Combined VI correlation with 
Consultants' evaluation of joint with active arthritis and 
TI detected warmer joints (%) 
Front of knees 50.0 
Back of knees 12.5 
Front of ankles 33.3 
Back of ankles 33.3 
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The findings from this correlation analysis indicate that the three techniques (VI, TI and 
consultants’ evaluation) do not necessarily have a direct relationship. In comparison 
with clinical assessment and TI, it is possible for the knee with active arthritis to not 
have more changes in colour, and for the warmer knee to also not have more changes 
in colour respectively. But in some patients, JIA may cause some skin colour changes. 
A further consideration was the selected reference region could also be affected by 
arthritis and so not a true representation of the patients’ normal skin colour. A 
normative study would provide information that could assist in further analysis. 
However, with the correlation seen in Table 6-1 and the combined correlation at the 
front of the knees, the VI technique may potentially assist clinicians in diagnosing JIA.  
 
6.3 Summary 
The correlation analysis between Visual Imaging (VI), Thermal imaging (TI) and the 
consultants' evaluation were presented and discussed in this chapter.  
Single visual images of the front and back of the knees and ankles of twenty patients 
with active arthritis on one or both knees and ankles were collected using the FLIR 
T630sc camera. A new and consistent method to identify the ROIs from the image was 
developed, and these (ROIs) were segmented for further processing. A section 
between the knees and ankles from both legs was selected, averaged and used as a 
reference image for comparing the left and right joints to see which differed more 
from the reference image. The Euclidean distance metric was used to determine the 
similarity between the images using the histograms as a colour feature. 
Comparing the techniques separately (VI with consultant’s evaluation and VI with TI), 
results showed higher correlations at the front of the knees and ankles, and so these 
areas may have been more sensitive to the colour changes. VI correlations of 62.5% 
and 80% with the consultant’s evaluation and TI results respectively were observed at 
the front of the knees; and 62.5% and 55% at the front of the ankles. Combined 
correlation between VI, TI and consultants’ evaluation of 50% was also observed at the 
front of the knees. This was the region with the highest correlation as compared to the 
other joints.   
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These findings indicate that though it is possible for JIA to alter the skin colour of a 
patient (as seen with the combined correlation of 50%), it is not always the case. It is 
not always necessary that JIA would affect the skin colour of a patient. These 
techniques do not directly relate. However, with the correlation results, the VI 
technique may potentially assist in JIA diagnosis. 
The next chapter presents and discusses the results obtained using accelerometers to 
measure the joint range of movement restriction, one of the symptoms of JIA.  
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Chapter 7 
 Accelerometry to Aid Assessment of Joint Movement in JIA 
In this chapter, accelerometry techniques are developed and are compared with the 
gold standard clinician assessment using validated pGALS (Paediatric Gait, Arms, Legs 
and Spine) musculoskeletal examination tool in the identification of inflamed knee 
joints in children and young people (CYP) with Juvenile idiopathic arthritis (JIA). Joint 
restriction at the joints is one of the characteristic symptoms of JIA, hence, the ability 
to accurately quantify the joints range of motion (ROM) may aid in the early detection 
of joint inflammation.  It may also aid and provide objectivity to movement analysis 
and may be a useful tool for monitoring progress during treatment. 
The use of accelerometers to measure human knee movement patterns such as the 
movement angle, acceleration, velocity, displacement to detect altered movement in 
inflamed knee joints was explored. A suitable signal processing method was designed 
for evaluating human movement. Accelerometry data were recorded to determine 
knee movement patterns in walking and lying down positions.  
7.1 Methodology 
7.1.1 Materials 
ADXL335 tri-axial accelerometers with dimensions 4 mm x 4 mm x 1.45 mm were used 
for the measurements. The ADXL335 (Figure 7-1) measures acceleration forces with a 
full- scale range of ±3 g (Analog Devices, 2009). It measures static acceleration in tilt 
sensing applications as well as dynamic acceleration from motion, shock or vibration. 
The output signals are analogue voltages that are proportional to acceleration (Analog 
Devices, 2009).   
 
Figure 7-1 ADXL335 accelerometer 
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These sensors were connected to the Arduino Mega 2560 microcontroller board 
(Figure 7-2), which was in turn connected to a computer with a USB connection. The 
microcontroller board digitised the analogue 𝑥, 𝑦 and 𝑧 voltage outputs from the 
accelerometers for display, storage and processing by the computer. The recording 
sample rate was approximately 212 samples/second.  
 
 
Figure 7-2 Arduino MEGA 2560 hooked up with accelerometer connections 
7.1.2 Experimental setup in the University Laboratory 
In order to have a better understanding of the device's operation prior to its 
application to patients, a series of laboratory experiments were performed. 
 
7.1.2.1 Angle measurements of a static platform 
This investigation involved recording data using the Arduino microcontroller (Arduino 
mega 2560) board-accelerometer setup connected to a computer. Four tri-axial 
accelerometers connected to the Arduino board were attached at four points on a flat 
plastic board that was initially flat at an angle 0˚ and then tilted using a pull-up 
mechanism to different angles up to about 22˚. The aim of the experiment was to 
determine the separate tilt angles from the four accelerometers placed at different 
locations on the board. 
A protractor was also attached to this set-up to allow actual inclination angle to be 
obtained. To reduce measurement errors, the experiment was performed twice, and 
98 
 
the average of the data recorded at each angle was then used for processing. Figure 7-
3 shows the experimental set-up. 
The recorded accelerometer data was processed using MATLAB© codes to estimate 
the angle of tilt. The mean and offset of the data at 0˚ were determined, and then 
subsequent readings at non-zero angles were corrected for this offset. The tilt angles 
were calculated from each accelerometer data obtained at the different angles using 
Equation 7-1. The estimated accelerometer angles were compared with the actual 
angles read from the protractor. Only a narrow range of angles (from 0˚ to 22˚) were 
considered for this experiment as the aim was just to estimate the angle of tilt from 
recorded data and to see if the results correlates with the protractor measurements. 
 
Figure 7-3 Experimental setup using four accelerometers for estimating tilt angles 
 
𝑡𝑖𝑙𝑡 𝑎𝑛𝑔𝑙𝑒 = 𝑎𝑐𝑟𝑡𝑎𝑛𝑔𝑒𝑛𝑡 (
𝑎𝑥
√𝑎𝑦2 + 𝑎𝑧2
) 
(7-1) 
 
Where 𝑎𝑥, 𝑎𝑦 and 𝑎𝑧 are the measures for the accelerometer in the 𝑥, 𝑦, and 𝑧 axes 
respectively. 
 
7.1.2.2 Angle measurements of a hinge joint 
A hinge joint was also built to model the knee in a simple manner as shown in Figure 7-
4. It allows the movement to be precisely controlled and the angle to be measured 
using a goniometer (protractor).   
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Figure 7-4 Model of hinge joint showing attached accelerometer sensors 
 
The model consisted of two wooden bars of the same dimension jointed by a hinge. 
Two accelerometer sensors were attached to the bars using double-sided adhesives. 
This provided a very simple model of a situation that accelerometers are attached to 
the left and right human thighs and shanks (just above and below the knee joint) in 
order to obtain the relevant movement angles. The wooden bars were then moved in 
different scenarios to obtain the angle at the joint, which were confirmed with a 
flexible goniometer (see Figure 7-5).  
 
Figure 7-5  Flexible goniometer 
 
7.1.2.3 Angle measurements from an adult subject 
To make the device wearable, the accelerometers were housed in a small casing and 
the microcontroller was housed in a box (top was transparent) and put in a waist 
pouch, to avoid contact with the participants. A photo of the device is shown in Figures 
7-6 and 7-7 
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Further experiments were performed with the sensors attached to both right and left 
thighs and shanks (a sensor just above and a sensor just blow each knee, see Figure 7-
8) of a healthy adult subject as he performed the following movements; 
• Sitting on a chair, the subject moved his lower legs up and down freely and 
simultaneously to their full extension and flexion.  
• Lying on a table on his back fully stretched one of his legs to touch the table 
and then bent it fully toward his chest, repeating 30 times. This was repeated 
for each leg.  
• Walked normally the length of long corridor (length about 10 m). 
The movements' angles, angular accelerations, angular velocities and total angular 
displacement were calculated from the accelerometer readings that were recorded. 
 
Figure 7-6 Photo of the accelerometers and microcontroller housed in suitable casings 
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Figure 7-7 Photo of the microcontroller housed in a waist pouch 
 
 
Figure 7-8 Accelerometers strapped to the thighs and shanks of an adult subject 
 
7.1.3 Set up at the hospital 
At the hospital, participants attended a 30-minute session. Four accelerometers, two 
for each leg, were placed just above and just below each knee joint using specially 
designed adjustable elastic. Participants were asked to perform the following 
movements: (see Figure 7-7 for a photo of the device)  
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• Lying on their backs on a bed, and bent a leg, attempting to their best ability to 
bring the heel to buttocks (flexion) and straighten the leg (extension), repeating 
the motion 10 times (see Figure 7-9). This was repeated for each leg.  
 
Figure 7-9 Flexion and Extension (Global Alliance for Musculoskeletal Health, 2015) 
• Walking normally in a straight line the length of 10 meters. 
7.1.4 Participants 
Four children and young people (CYP) aged 8-16 years with diagnosis of JIA and current 
active arthritis of one knee and without suspected active arthritis of other lower limb 
joints (e.g. Hips, ankles), including the contra-lateral knee joint, were recruited. 
Recruiting a larger number of patients within the study's time period proved difficult as 
the patients had to fully conform to the NHS approved ethics.   
Participants were recruited from routine steroid joint injection clinics and routine 
outpatient clinics. Each participant had both knee joints studied. Movement data from 
the inflamed knee joint was compared with that obtained from the contra-lateral non-
inflamed knee joint, which acted as a control for the purpose of the study. 
7.1.5 Clinical Evaluation 
Musculoskeletal examination was undertaken on each study participant by an 
experienced consultant paediatric rheumatologist according to a standardized 
examination tool: Paediatric Gait, Arms, Legs, Spine (pGALS) which is a validated 
musculoskeletal examination screening tool, to determine the presence of active knee 
arthritis (see Chapter 4). 
7.1.6 Measurements 
The digitised accelerometer readings were collected from all the four accelerometer 
sensors simultaneously.  Accelerometers 1 and 2 were attached to the right thigh and 
shank and accelerometers 3 and 4 were attached to the left thigh and shank of the 
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participants. Figure 7-10 presents a schematic diagram of the knee showing 
accelerometer positions and the relative angle of the knee joint, ∝. 
 
 
 
Figure 7-10 Typical knee showing accelerometer positions and knee angle, α (Seel, 
Raisch, & Schauer, 2014) 
Accelerometer outputs from the more sensitive axes, 𝑦 and 𝑧 axes were used (the 
assumption was that the knee moved in one plane up and down without deviating 
horizontally to the left and right thus the 𝑥-axis of the accelerometer that represented 
horizontal movements was not used). To obtain the knee joint angles, the angles of 
inclination made by the thighs, 𝛽𝑡ℎ𝑖𝑔ℎ, and shanks, 𝜑𝑠ℎ𝑎𝑛𝑘, were first computed with 
Equations 7-2 and 7-3 respectively. The relative knee joint angle for the lying 
down, 𝛼𝑙𝑦𝑖𝑛𝑔 ,and walking 𝛼𝑤𝑎𝑙𝑘𝑖𝑛𝑔 scenarios was computed with Equations 7-4(a) and 
(b) respectively.  
𝛽𝑡ℎ𝑖𝑔ℎ  =  𝑎𝑟𝑐𝑡𝑎𝑛𝑔𝑒𝑛𝑡2 (𝑎𝑦1 , 𝑎𝑧1) (7-2) 
𝜑𝑠ℎ𝑎𝑛𝑘  =  𝑎𝑟𝑐𝑡𝑎𝑛𝑔𝑒𝑛𝑡2 (𝑎𝑦2 , 𝑎𝑧2) (7-3) 
𝛼𝑙𝑦𝑖𝑛𝑔 =  180 – (𝛽𝑡ℎ𝑖𝑔ℎ  +  𝜑𝑠ℎ𝑎𝑛𝑘) (7-4a) 
𝛼𝑤𝑎𝑙𝑘𝑖𝑛𝑔 = 360 − (𝛽𝑡ℎ𝑖𝑔ℎ  +  𝜑𝑠ℎ𝑎𝑛𝑘) (7-4b) 
where 𝑎𝑦1 and 𝑎𝑧1 are the acceleration measures for the 𝑦 and 𝑧 axes of the 
accelerometer attached to the thigh, 𝑎𝑦2 and 𝑎𝑧2 are the acceleration measures for 
the 𝑦 and 𝑧 axes of the accelerometer attached to the shank. Similar calculations were 
also performed for accelerometers 3 and 4 attached to the left knee to obtain the 
angle of the left knee joint. 
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Once the joint angles ( 𝛼) were determined, the angular velocity (𝑣), angular 
acceleration (𝑎) and total angular displacement (𝑑) were determined for both legs   
using Equations 7-5 to 7-7 respectively.  
 
𝑣(𝑡) =  
𝑑(𝛼)
𝑑𝑡
 
(7-5) 
 𝑎(𝑡) =
𝑑(𝑣)
𝑑𝑡
  (7-6) 
 𝑑(𝑡) = ∫ 𝑣(𝑡)
𝑡=𝑇
𝑡=0
  (7-7) 
where 𝑇 is the signal recording's duration. 
The velocity indicates the rate of change of speed of the leg as it is was swung.  The 
acceleration measures changes in the velocity of the swing; and the displacement 
shows the total movement made by each leg. These results were compared for both 
right and left legs to determine movement pattern differences. 
7.1.7 Operation of the algorithm  
Using MATLAB©, the digitised accelerometer data collected from the thighs and shanks 
for both lying down and walking scenarios were loaded into the computer system as 
an array of 8 columns,  representing the 𝑦 and 𝑧 axes of each accelerometer, i.e. 
 𝑦1, 𝑧1, 𝑦2, 𝑧2, 𝑦3, 𝑧3, 𝑦4 , 𝑎𝑛𝑑 𝑧4.  The accelerometer’s output , 𝐴, was converted to 
acceleration force values expressed in 𝑔 using Equation 7-8.  
𝐴(𝑔) =  (𝐴 −  𝑧𝑒𝑟𝑜𝑔) ∗ (
𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑣𝑜𝑙𝑡𝑎𝑔𝑒
1024 ∗ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
) 
(7-8) 
 
where 𝑧𝑒𝑟𝑜𝑔 (zero voltage: 1.65V) and sensitivity (330mV/g) are specified in the 
accelerometer’s datasheet, the analogue-digital-converter (ADC) resolution value is 
1024 and the reference voltage is that from the microcontroller (Arduino mega 2560 
board: 3.3V). Equation 7-8 is specific to the type of accelerometer used in this study.  
 
The left and right thighs and shanks angles were computed using Equations 7-2 and 7-
3. A sample of the resultant accelerometer signal obtained from one of the legs in the 
lying down position is provided in Figure 7-11 showing the characteristic high 
frequency noise components hence embedded (usually during movement initiation or 
sudden change in the movement's direction) in an accelerometry signal.  
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Figure 7-11: Sample accelerometer signal from characterised with noise 
 
A Butterworth low pass filter of the 3rd order with a suitable cut off frequency, 𝑓𝑐, in 
the range of 0.5Hz to 3Hz determined by finding the frequency component of the 
signal in the frequency spectrum, was then applied to denoise the signal. Sample of 
the denoised signal is shown in Figure 7-12. 
 
Figure 7-12 Sample accelerometer filtered signal 
 
The relative knee angle, angular velocity, angular acceleration and total angular 
displacement is then obtained afterwards. 
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7.2  Results and discussion 
7.2.1 Static platform experiment 
Table 7-1 presents the results of the accelerometer (Acc1, Acc2, Acc3, and Acc4) and 
protractor measurements. The absolute errors (EAcc1, EAcc2, EAcc3, and EAcc4) between the 
accelerometer and protractor readings are also shown.  
 
Table 7-1 Accelerometer and protractor measurements and the associated absolute 
errors 
Protractor 
readings Acc1 Acc2 Acc3 Acc4 EAcc1 EAcc2 
 
EAcc3 
 
EAcc4 
(degrees)    
1 1.15 1.13 1.01 0.89 0.15 0.13 0.01 0.11 
2 2.19 2.22 2.00 1.83 0.19 0.22 0.00 0.17 
3 3.12 2.90 2.99 2.86 0.12 0.10 0.01 0.14 
4 4.58 4.45 4.44 4.24 0.58 0.45 0.44 0.24 
5 5.58 5.39 5.43 5.28 0.58 0.39 0.43 0.28 
6 6.57 6.33 6.40 6.28 0.57 0.33 0.40 0.28 
7 7.74 7.52 7.59 7.46 0.74 0.52 0.59 0.46 
8 8.65 8.29 8.40 8.23 0.65 0.29 0.40 0.23 
9 9.70 9.33 9.53 9.31 0.70 0.33 0.53 0.31 
10 10.97 10.57 10.71 10.56 0.97 0.57 0.71 0.56 
11 11.98 11.53 11.71 11.50 0.98 0.53 0.71 0.50 
12 12.56 12.21 12.82 12.65 0.56 0.21 0.82 0.65 
13 13.26 12.79 13.65 13.39 0.26 0.21 0.65 0.39 
14 14.20 13.61 14.07 14.42 0.20 0.39 0.07 0.42 
15 15.46 14.83 15.26 15.03 0.46 0.17 0.26 0.03 
16 16.29 15.81 16.15 15.85 0.29 0.19 0.15 0.15 
17 17.29 16.55 17.05 16.85 0.29 0.45 0.05 0.15 
18 18.19 17.65 18.15 17.91 0.19 0.35 0.15 0.09 
19 19.28 18.59 18.97 18.80 0.28 0.41 0.03 0.20 
20 20.63 20.08 20.61 20.27 0.63 0.08 0.61 0.27 
21 21.74 20.89 21.40 21.03 0.74 0.11 0.40 0.03 
22 22.51 21.72 22.33 22.06 0.51 0.28 0.33 0.06 
Average error 0.48 0.30 0.35 0.26 
Standard deviation (error) 0.26 0.15 0.26 0.17 
 
The average error from the accelerometers was less than 0.5˚, which was within an 
acceptable range given the application in this study. Figure 7-13 shows the angles 
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estimated by the accelerometers closely tracked the actual angles measured with the 
protractor.  
 
Figure 7-13 Accelerometer and protractor measurements 
 
7.2.2 Knee model experiment 
For validating the joint angles measured by the two accelerometers attached to the 
hinge joint, a flexible goniometer was used (shown in Figure 7-5). Table 7-2 presents 
the estimated joint angles as measured by the accelerometers. Figure 7-14 shows the 
result of the estimated angles measured by the accelerometers. The offset of the data 
at 0˚ was determined, and then subsequent non-zero angles were corrected for this 
offset. The hinge joint was moved approximately between 30° and 90° (these were not 
very exact as the joint was in motion) in 8 iterations and confirmed with a goniometer 
(simulating flexion and extension movements in the lying down position). The 
estimated accelerometer measurements were able to closely track the angles 
measured by the goniometer.  
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Table 7-2 Estimated goniometer and accelerometer angles 
Iterations 30° region (°) 90° region (°) 
1 29.69 90.95 
2 27.99 92.99 
3 28.98 91.73 
4 28.23 90.42 
5 28.61 90.99 
6 28.32 90.81 
7 28.90 90.51 
8 28.00 90.33 
 
 
Figure 7-14 Accelerometer estimated angles from the hinge joint experiment 
 
7.2.3 Experiment performed on healthy adult knees 
To further test the technique, experiments were performed on the healthy adult knees 
in three scenarios to determine if accelerometers can be used to describe movement 
patterns.  
(a) Sitting scenario 
Movement information (angle of movement, angular velocity, angular acceleration and 
angular displacement) obtained when the subject sat on a chair and swung their legs 
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are presented in this section.  To look at the signals in more detail, Figures 7-15 (a) and 
(b) show zoomed in sections, indicating the relationship between the angles, velocities 
and accelerations respectively (see the vertical black line running through the graphs) 
for the left and right legs. The figures show that when the angle peaks (at state of rest 
at maximum extension of the leg), the velocity tends to zero indicating no movement 
and velocity peaks when rate of change of movement is highest. Acceleration peaks 
when rate of change of velocity is highest. Both right and left legs show similar 
movement patterns.  
 
(a) 
 
(b) 
Figure 7-15 Measurements from (a) left leg (b) right leg showing relationship between 
the movement data (Snippets)  
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The plots results comparing the differences in the patterns of movements for the left 
and right legs are provided in Figures 7-16(a) and (b). The results indicate that even 
though the subject had been healthy, differences in the movements of left and right 
leg exist.   
 
(a) 
 
(b) 
Figure 7-16 Histograms of data for (a) left and (b) right legs (Nwaizu, Saatchi, & Burke, 
2016) 
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The movement information is summarised in Table 7-3 detailing the range of motion 
(ROM), angular velocity, angular acceleration and angular displacement information 
measured from both legs. 
The left leg covered a wider range of movement, by approximately 21.91° than the 
right leg, and had a higher total angular displacement with a difference of 41 radians. 
The maximum velocity and acceleration for the left leg in the positive direction were 
also higher than the right leg by 0.63 𝑟𝑎𝑑/𝑠 and 1.83 𝑟𝑎𝑑/𝑠2 respectively 
Table 7-3 Movement information from the left and right legs 
Leg 
Knee 
ROM 
(𝒅𝒆𝒈𝒓𝒆𝒆𝒔) 
Angular velocity – 
forward swing (𝒓𝒂𝒅/𝒔) 
Angular 
acceleration – 
forward swing 
(𝒓𝒂𝒅/𝒔𝟐) 
Total angular 
displacement 
(𝒓𝒂𝒅) 
Left 102.14 2.98 12.62 191.60 
Right 80.23 2.35 10.79 150.77 
 
The frequency of movement was further analysed by obtaining the frequency 
spectrogram (also known as short-time Fourier transform) of the knee angles, 
computed by finding fast Fourier transform (FFT) of the signal, to see the time-
frequency relationship of the leg swing and the extent of the movements over time. 
These are shown in Figures 7-17(a) and (b) for the left and right legs respectively. The 
plots show that at the start of the movement, up to the 40 seconds mark, the legs 
moved slower (0.55Hz) but the range of movement, indicated by the magnitude (bright 
red colour) was higher. Thereafter, the legs moved relatively faster (about 0.65Hz) but 
covered a lower range of movement (again, this is indicated by the magnitude of the 
plot).  
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(a) 
 
(b) 
Figure 7-17  STFT of movement angles for the (a) left and (b) right legs. Higher 
amplitudes are shown in bright red up to 40 seconds and the yellow colour thereafter 
shows reduced relative amplitude (Nwaizu, Saatchi, & Burke, 2016) 
 
These results show that the subject moved the left leg faster and to a slightly wider 
range than the right leg in this experiment. The frequency analysis was also able to 
indicate how and when each leg moved and to what extent, further confirming the 
accelerometry system’s ability to describe distinct movement patterns.  
(b) Lying down scenario 
The results obtained when the subject laid down is provided in this section. Figures 7-
18 (a) and (b) show the angles measured, movement frequency for the left and right 
legs while the subject laid on his back and moved his legs in turn from fully stretched 
on the ground to fully bent close to the chest. 
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(a) 
 
(b) 
Figure 7-18 Angle measurement for (a) left leg (b) right leg, subject laid on his back 
 
The related data are summarised in Table 7-4. The left leg was able to cover a range of 
119° (52.9° : 167.9°) and the right leg covered a similar range of 119.2° (43.9˚ : 163.1˚), 
which indicates that both legs were able to flex and extend in the same manner. The 
frequency of the movement for both legs was 0.26Hz, thus taking 3.8 seconds to 
complete a movement cycle. The spectrograms provided in Figure 7-19 confirm both 
legs movement frequency being in the 0.26Hz range. 
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Table 7-4 Legs' movement's range and frequency for laid down position 
Leg Knee ROM (°) Movement frequency (Hz) 
Left 52.9 - 167.9 0.26 
Right 43.9 - 163.1 0.26 
 
 
Figure 7-19 Short-time Fourier transform of legs' angular movement, subject laid on his 
back 
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(c) Walking scenario 
 In the walking scenario (results shown in Figure 7-20), the angular range of movement 
was just slightly higher for the left leg than the right leg by a 10° margin. The related 
data is provided in Table 7-5. The largest peaks present in the magnitude frequency 
spectrum of the angular movement were at 0.77 Hz, 1.55 Hz and 2.33 Hz with the 
dominant frequency at 1.55Hz, and this is clearly shown in Figure 7-21. 
 
(a) 
 
(b) 
Figure 7-20  Angle measurements from the (a) left and (b) right legs, subject walking 
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Table 7-5  Legs' movement range and frequency while walking 
Legs 
Knee Movement 
Range(degree) 
Frequency (Hz) associated with the 
three largest peaks in the magnitude 
spectrum 
Left leg 101.7 - 274.5 0.77, 1.55, 2.33 
Right leg 115.2 - 284.1 0.77, 1.55, 2.33 
 
 
Figure 7-21 Short-time Fourier transform of the legs' angular rotation signal, subject 
walking 
 
The results from these movement scenarios confirmed that accelerometers have the 
potential to be a useful tool in clinics to aid the analysis of human movement patterns 
in the detection or diagnosis of arthritis. 
 
7.2.4 Analysis of data collected from CYP with active JIA on one knee 
Data collected from lying down and walking scenarios of CYP with active JIA on one 
knee on the day of clinical assessment is presented in this section.  The healthy knee 
(i.e. the knee without active JIA) acted as a reference for comparison for the 
participants. The results describe the movement pattern for each participant and a 
comparison is made between accelerometer results and clinical observation. The 
analysis of accelerometry data was performed without the knowledge of clinical 
diagnosis to avoid bias.   
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Four participants were recruited. Recruitment of a larger number of patients with the 
study's time frame proved difficult and there were strict ethics requirements related to 
inclusion criteria for the patients. The results are presented and discussed accordingly.  
In the lying down position shown, the movement goes from full extension (tending 
towards 180°) to full flexion (heel to bottom- tending towards 0°). In the walking 
position, forward swing tends towards 270°, backward swing tends towards 0° and 
heel strike about the 180° angle (shown in the oval section - see sample of walking 
data shown in Figure 7-22).  
 
Figure 7-22 Sample walking signal showing forward swing, backward swing and heel 
strike region in the oval section 
 
7.2.4.1 Patient 1 
The results for patient 1 are summarised in Table 7-6 for both lying down and walking 
and compared with clinical observation 
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Table 7-6 Patient 1 movement information and clinical assessment 
Position Parameter Left knee 
Right 
knee 
Accelerometry 
finding 
Clinical 
observation 
Lying 
down 
Angle (°) 
(ROM) 
42: 163 
 (121) 
58: 155 
(97) 
Right knee 
suspected 
Warm, 
swollen & 
restricted 
Right knee 
Frequency 
spectrum (Hz) 
(Amplitude) 
0.27 
(0.79) 
0.26 
(0.69) 
Angular velocity 
(rad/s) 
-1.8: 2.0 -1.5: 1.6 
Angular 
acceleration 
(rad/s2) 
-4.0: 3.3 -3.2: 2.9 
Total angular 
displacement(rad) 
39.2 32.8 
Time (s) 36 37 
Walking 
Angle (°) 
(ROM) 
80: 239 
(159) 
99: 234 
(135) 
Right knee 
suspected 
Frequency 
spectrum (Hz) 
(Amplitude) 
0.8, 1.6, 
2.3 
(0.22, 
0.44, 0.17) 
0.8, 1.6, 
2.4 
(0.44, 
0.30, 0.07) 
Angular velocity 
(rad/s) 
-11.7: 16.1 -9.3: 8.7 
Angular 
acceleration 
(rad/s2) 
-132: 133 -67: 85 
Total angular 
displacement(rad) 
83.36 54.64 
Time (s) 16 16 
 
The knee ROM and movement frequency for lying down position are shown in Figures 
7-23 and 7-24 respectively for both legs.  
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Figure 7-23 Lying down ROM 
 
 
Figure 7-24 Movement frequency and data distribution for both legs 
 
Left knee 
Right knee 
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Similarly, the walking information is shown in Figures 7-25 and 7-26.  
 
Figure 7-25 Walking ROM 
 
 
Figure 7-26 Frequency components of the walking signal 
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The spectrograms shown in Figure 7-26 indicate the frequency components of the 
walking signal over the recording time.  Three components are well highlighted at 
0.8Hz, 1.6Hz and 2.3Hz for both legs. 
The accelerometer readings indicate that the participant was able to move the left leg 
more swiftly and to a wider angle covering a wider ROM. The main frequency 
components for both legs were approximately same, suggesting that the legs were 
able to make a cycle of movement in about the same time but to a lower extent for the 
right leg. Total angular displacement was also higher in the left leg. The right leg was 
therefore suspected to have active arthritis on the day of the clinical examination. The 
patient has been clinically diagnosed with Oligoarticular JIA. Clinical assessment on the 
day observed the right knee to be warm, swollen and restricted with fixed flexion 
deformity (FFD) - inability to fully extend the knee. Accelerometer findings and clinical 
reports therefore agree for this participant. 
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7.2.4.2  Patient 2 
Movement information for patient 2 is provided in Table 7-7. 
Table 7-7 Patient 2 movement information and clinical assessment 
Position Parameter Left knee 
Right 
knee 
Accelerometry 
finding 
Clinical 
observation 
Lying 
down 
Angle (°) 
(ROM) 
61: 162 
(101) 
44: 166 
(122) 
Left knee 
suspected 
Warm, 
swollen and 
restricted 
Left knee 
Frequency 
spectrum (Hz) 
(Amplitude) 
0.46 
(0.41) 
0.50 
(0.76) 
Angular velocity 
(rad/s) 
-1.9: 1.9 -2.6: 2.6 
Angular 
acceleration 
(rad/s2) 
-5.1: 5.1 -7.8: 7.7 
Total angular 
displacement(rad) 
26.7 30.9 
Time (s) 23.8 19.8 
walking 
Angle (°) 
(ROM) 
99: 218 
(119) 
63: 226 
(163) 
Left knee 
suspected 
Frequency 
spectrum (Hz) 
(Amplitude) 
0.8, 1.6, 
2.5 
(0.26, 
0.35, 0.23)  
0.8, 1.6, 
2.5 
(0.42, 
0.62, 0.24) 
Angular velocity 
(rad/s) 
-11: 13 -13: 18 
Angular 
acceleration 
(rad/s2) 
-101: 115 -135: 150 
Total angular 
displacement(rad) 
54.04 65.70 
Time (s) 12.16 12.07 
 
For patient 2, the accelerometer findings show the left knee as the restrictive knee on 
the day of data collection. The ROM, angular velocity and angular acceleration 
recorded lower numbers in comparison to the right knee. The patient had previous 
diagnosis of Oligoarticular JIA and was clinically assessed to have warm, swollen and 
restricted left knee with fixed flexion deformity. The accelerometer and clinical 
findings correlate. 
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7.2.4.3 Patient 3 
The movement information for patient 3 is provided in Table 7-8. 
Table 7-8 Patient 3 movement information and clinical assessment 
Position Parameter Left knee 
Right 
knee 
Accelerometry 
finding 
Clinical 
observation 
Lying 
down 
Angle (°) 
(ROM) 
57: 168 
(111) 
67: 143 
(76) 
Right knee 
suspected 
Swollen 
right knee 
Frequency 
spectrum (Hz) 
(Amplitude) 
0.31 
(0.57) 
0.24 
(0.32) 
Angular velocity 
(rad/s) 
-1.7: 1.7 -1.0: 1.0 
Angular 
acceleration 
(rad/s2) 
-2.8: 2.9 -1.6: 1.6 
Total angular 
displacement(rad) 
28.89 21.49 
Time (s) 31.79 40.51 
walking 
Angle (°) 
(ROM) 
69:212 
(143) 
102: 217 
(115) 
Right knee 
suspected 
Frequency 
spectrum (Hz) 
0.62, 1.28, 
1.90 
(0.20, 
0.31, 0.20)   
0.62, 1.28, 
1.90 
(0.24, 
0.25, 0.13) 
Angular velocity 
(rad/s) 
-8.1: 9.3 -5.7: 7.5 
Angular 
acceleration 
(rad/s2) 
-82.1: 92.7 -61.5: 69.3 
Total angular 
displacement(rad) 
65.8 50.5 
Time (s) 28.83 28.83 
 
 
Patient 3 had a previous diagnosis of Polyarticular JIA and was assessed with a swollen 
right knee on day assessment indicating the presence of active arthritis. The 
accelerometry findings also point to the right knee as the suspected knee (results 
shown in Table 7-8). Both findings correlate. 
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7.2.4.4 Patient 4 
The results obtained for patient 4 are presented in Table 7-9. 
Table 7-9 Patient 4 movement information and clinical assessment 
Position Parameter Left knee 
Right 
knee 
Accelerometry 
finding 
Clinical 
observation 
Lying 
down 
Angle (°) 
(ROM) 
35: 165 
(130) 
34: 158 
(124) 
Right knee 
covered 
slightly less 
ROM 
 
Both legs had 
approximately 
the same 
angular 
velocity and 
acceleration  
 
Task was 
completed 
slightly quicker 
on the right 
leg 
 
Swollen and 
restricted 
(fixed 
flexion 
deformity) 
right knee 
Frequency 
spectrum (Hz) 
(Amplitude) 
0.27  
(0.59) 
0.36  
(0.58) 
Angular velocity 
(rad/s) 
-1.82: 1.83 -1.76: 1.76 
Angular 
acceleration 
(rad/s2) 
-3.7: 3.7 -4.1: 4.0 
Total angular 
displacement(rad) 
36.76 25.53 
Time (s) 33.29 24.87 
Walking 
Angle (°) 
(ROM) 
107:185 
(78) 
95:184 
(89) 
Left knee had 
lower ROM, 
angular 
velocity and 
angular 
acceleration 
 
 
Frequency 
spectrum (Hz) 
0.9, 1.9 0.9, 1.9 
Angular velocity 
(rad/s) 
-7.2: 6.3 - 7.6: 8.2 
Angular 
acceleration 
(rad/s2) 
-64.9: 77.2 -72.1:86.6 
Total angular 
displacement(rad) 
26.72 28.74 
Time (s) 11.03 11.03 
 
 
For the lying down position, the accelerometer findings suggested the right knee 
covered slightly less ROM but was moved swifter than the left leg; other parameters 
were approximately the same. The walking data suggested that the left knee moved 
with a slightly lower ROM, angular velocity and acceleration. Further analysis on the 
frequency spectrum of the walking signal (see spectrogram in Figure 7-27) highlighted 
the two frequency components, 0.9Hz and 1.9Hz, present in this walking signal. It also 
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shows the 0.9Hz component, being the more dominant one for both left and right legs, 
however, the amplitude is higher for the right leg than the left leg (indicated by deeper 
colour as shown on colour bar). This would suggest that the right leg had higher 
magnitude of movements than the left leg.  
Patient 4 had a diagnosis of Oligoarticular JIA. Clinical assessment on the day of data 
collection, reported the right knee to be swollen and restricted with fixed flexion 
deformity. Clinical reports also stated that the patient has previously had swelling, 
warmth and fixed flexion deformities on both knees and this may have been identified 
by the accelerometer data, as the lying down results were approximately same for 
both legs. Accelerometer findings pointed more towards the left leg and so did not 
correlate with clinical assessment for patient 4. 
 
Figure 7-27 STFT showing the dominant 0.9Hz frequency component 
 
The correlation results are summarised in Table 7-10. The results show that 
accelerometers can potentially in the future assist clinicians make a diagnosis of JIA.   
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Table 7-10 Correlation between accelerometer and clinical findings 
Patient 
Suspected knee joint 
Correlation 
between A and B 
Accelerometer 
finding (A) 
Clinical observation 
(B) 
1 Right knee Right knee Yes 
2 Left knee Left knee Yes 
3 Right knee Right knee Yes  
4 Left knee  Right knee No 
 
7.3 Summary 
The use of accelerometers to describe movement data from the knee joints was 
investigated. Laboratory experiments were initially performed to test the effectiveness 
of the accelerometer to measure movement data of a hinge joint and used a flexible 
goniometer for measuring the actual angles being recorded, and results showed the 
accelerometer was able to track the goniometer readings.  
Further work was then carried out to measure the knee ROM on an adult human 
subject with the sensors attached to both the left and right thighs and shanks in three 
scenarios: sitting and swinging the knee freely, lying down and flexing the knee from 
heel to bottom, and walking. The angle of knee movement, velocity, acceleration and 
displacement were computed from the recorded data. The experimental results 
further indicated the accelerometer’s ability to measure movement data.   
A pilot study which involved recording accelerometer movement data from patients 
with active JIA on only one knee was then carried out in two scenarios: flexing and 
extending their legs in the laid down position; and walking a 10-meter length. 
Correlation was performed between accelerometry and clinical examination. Of the 4 
subjects that participated, 75% of the cases correlated.  
The results obtained from this study gave a good indication that accelerometry may 
potentially be an effective tool to aid clinical JIA diagnosis. 
In the next chapter, the overall conclusion of the study is presented, and some further 
works are outlined.  
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Chapter 8 
 Conclusions and Further work 
8.1 Conclusions   
An investigation to correlate thermal, visual imaging and accelerometry measurements 
with the clinical musculoskeletal examinations in Children and Young People (CYP) 
suspected of Juvenile Idiopathic Arthritis (JIA) was carried out. The aim was to evaluate 
these techniques to assist clinicians in their diagnosis of the condition.  
To achieve this aim, the following objectives were met: 
• Segmented the ROIs from the thermal and visual images using the MATLAB® 
ROI-based processing method. 
• Accurately tracked the ROIs through the recorded thermal video using a 
template matching algorithm based on the normalised cross correlation 
method.  
•  Computed the average temperature of the thermal imaging (TI) ROIs 
• Quantified the skin colour changes of the Visual imaging (VI) ROIs using the 
histogram method and found similarity between knee/ankle joints and a 
reference image using the Euclidean distance metric. 
• Designed an accelerometry system that used 4 accelerometers hooked up to an 
Arduino mega 2560 microcontroller. The sensors were attached just above and 
below the knees of the patients as knee movement data was collected in lying 
down and walking scenarios. 
• The collected accelerometry data was processed to describe knee movement 
information such as range of movement, velocity, acceleration and 
displacement. 
• The developed techniques were evaluated on patients in the hospital and the 
results obtained were compared with the consultant’s assessment.   
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The following contributions to knowledge were made. This study for the first time 
brought together thermal and visual imaging and accelerometry developments to 
assist with clinical JIA diagnosis. To identify the ROIs to be segmented, this study also 
devised a new and consistent method using the curvatures of the knees and ankles as 
a point of reference, thereby introducing a less subjective way of manually segmenting 
the ROIs. In the VI study, the colour changes on the knees and ankles were  not visually 
noticeable, so to compare the ROIs (knees or ankles), a reference image method was 
adapted, such that the left and right knees/ ankles were compared to a common 
reference and the side more different to the reference was considered to have more 
colour change and therefore the affected side. In the accelerometry study, a 4-sensor 
method, 2 for each leg, placed just above and below the knees to measure the joint 
angle in two movement scenarios: lying down and walking; was adapted.  The 
developed techniques were evaluated on 22 patients from the hospital and the 
findings were correlated against the consultant’s evaluation. 
 
8.1.1 Thermal/Visual Imaging developments 
Twenty patients participated in this study in thermal and visual measurements. The 
front and back of the knees and ankles of each patient were recorded and analysed. A 
new method to identify the region of interest centred on the knee or ankle was 
devised. To aid the analysis of the results, the patients were grouped into three 
categories: 
• Category I – patients with one active knee or ankle arthritis 
• Category II – patients with active arthritis in both knees or ankles 
• Category III – Patients with no active knee or ankle arthritis 
8.1.1.1 Thermal Imaging (TI)   
For category I patients, the correlation between TI and clinical assessment was 75% 
and 67% for the front of the knees and ankles respectively; 50% and 33% for the back 
of the knees and ankles respectively. These results indicate that the front of the joints 
had a more pronounced sign of thermal and visual changes related to active arthritis. It 
was observed that in most patients that there were not agreements, the patients had 
more distinct arthritic symptoms. The clinician’s prior knowledge of the patients' 
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diagnosis could have also affected the clinical assessment of the joint temperature by 
being more biased toward detecting the arthritic knee as warmer. 
For category II patients, direct correlation of the affected arthritic knee or ankle and 
healthy knee or angle was not practical. Therefore, a region that both sides could be 
compared was selected by identifying a reference region. This region was obtained by 
averaging a section mid-wat between the knee and the ankle. The reference 
temperatures were observed to be lower than the knee or ankle temperatures for 
both the front and the back in most patients except in a patient at the back of the 
ankles. The Percentage Temperature Difference (PTD) was also seen to be lower than 
those for category I. A consideration was the computed reference temperature may 
not be the true normal skin temperature of the patient, however, because the result 
was consistent, in almost all the patients, it gives a good indication, that there were 
active arthritis in both knees and ankles. 
For Category III, the TI results could also not be correlated directly with the clinical 
report as there was no measure of normal skin temperature for the subjects to use for 
comparison, however, the PTD of the joints in this category was 7.85 times lower than 
those in Category I, as would be expected for cases with no arthritis.  
These findings, therefore, indicate that TI can potentially be an effective tool to aid in 
JIA diagnosis. 
8.1.1.2 Visual imaging (VI) 
The Euclidean distance between the colour distributions of the selected reference 
image and the left and right knees and ankles were computed to determine which 
knee or ankle had a larger distance (the analysis was performed for both the front and 
back of the knees and ankles). The joint with the larger distance between the left and 
the right side was the joint with more colour changes. The VI results were compared 
with TI and consultants’ evaluation.  
Higher correlations to the consultant’s evaluation and TI were observed at the front of 
the knees and ankles with the highest being at the front of the knees, indicating this 
region was more sensitive to colour changes. Separate correlations of 62.5% and 80% 
with the consultant’s and TI results respectively were observed at the front of knees; 
and 62.5% and 55% observed at the front of the ankles. A combined correlation 
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between VI, TI and consultant’s results showed a 50% correlation at the front of the 
knees and a 33.3% correlation at the front of the ankles. These results confirmed that 
an active arthritic joint does not necessarily have skin colour changes, however, in 
some patients, JIA may have altered the skin colour of the affected joint, and so the 
technique may potentially aid in JIA diagnosis. 
8.1.2 Accelerometry 
Due to constraints during the study only 4 patients undertook the accelerometry tests.  
Accelerometry developments to describe movements at the knee joint with only one 
active knee arthritis were explored. A 75% correlation was observed with clinical 
assessment, indicating the accelerometry system was able to differentiate the affected 
knee from the healthy knee. The discrepancy was found in the patient that had 
previous active arthritis on the knee that was not clinically diagnosed on the day of 
assessment. Hence, the system may have also identified some symptoms of activity 
from the undiagnosed knee. However, the results gave a good indication that 
accelerometry may be able to describe movement data that can assist clinicians in 
diagnosing JIA. 
So, to a very large extent, the results from the three techniques correlated with the 
standard clinical musculoskeletal examination. The thermal and visual imaging 
methods were non-contact, less invasive and quick methods that were easy for the 
children to cope with. The accelerometry method as well, though a contact method of 
monitoring, was also easy to carry out and participants coped equally well with the 
data recording session. 
8.2 Further work  
This study established a proof of concept demonstrating the value of TI, VI and 
accelerometry as part of diagnosing arthritis. Future work could be to acquire a larger 
data of patients with only one active arthritic joint so that a more informed pattern 
could be determined from the results. A larger data set will give more details that will 
aid analysis.  
There would also be a need to obtain a healthy data set i.e. from persons with no JIA 
to better understand what a range of normal temperature/skin colour could be as one 
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of the challenges in this study was in the selection of the reference sections for the 
thermal/visual imaging techniques. 
Automatic segmentation of the knees and ankles could also be explored in order to 
remove any secondary errors that could be introduced by manually segmenting the 
regions of interest (ROIs).  
For the accelerometry study, addition of gyroscope to denoise the accelerometer 
signal could be further explored. Findings from the work done in this study show it may 
improve the accelerometer data and may potentially be able to detect the clinically 
diagnosed joint without picking the redundant activities from a previously active joint.  
Joints affected by arthritis can become swollen. It will be valuable to be able to 
automatically quantify the extent that the joint is swollen as this can provide objective 
information.   
This study was on children. In future it will be useful to extent it to adults with arthritis.  
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Appendix 16: Developments in denoising the accelerometer 
signal 
Data fusion developments  
Accelerometers can accurately estimate tilt angles in static conditions, however, in a 
dynamic condition, they are prone to high frequency noise. Some work to explore 
means to denoise the accelerometry signal by including a gyroscope device to make it 
more effective in estimating tilt angles was carried out. Data fusion algorithms, to 
combine and integrate the signals gotten from the accelerometer and gyroscope 
sensors in order to deal with and minimize the errors (Sasiadek, 2002) were 
investigated.  
One of the well- known, widely used technique are the complementary filters, and this 
was evaluated in this study.  
Complementary filter 
The complementary filter (CF) is obtained by a simple analysis in the frequency domain 
(Higgins, 1975). The principle behind the complementary filter as shown in Figure 16-1 
involves passing the accelerometer data which contains low frequency signals through 
a low pass filter and the gyroscope data which contains high frequency signals through 
a high pass filter to estimate angles. By doing this, the high frequency noise and low 
frequency drift associated with accelerometer and gyroscope measures respectively 
are eliminated. The idea is to combine outputs of the accelerometer and rate 
gyroscope to obtain good estimate of orientation, thus compensating for drift of the 
rate gyroscope and the slow dynamics of the accelerometer (Baerveldt & Klang, 1997). 
The filters share the same cut-off frequency as shown in the frequency response 
diagram in Figure 16-2.  
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Figure 16-1: Block diagram of a typical complementary filter (Esfandyari et al., 2011) 
 
 
Figure 16-2:  Frequency response of complementary filters (Shen, Yao, Jia, & Yuan, 
2012) 
The complementary filter is designed using Equation 16-1 
 𝑎𝑛𝑔𝑙𝑒 =  𝑎(𝑎𝑛𝑔𝑙𝑒 + 𝑔𝑦𝑟𝑜 × 𝑑𝑡) + (1 − 𝑎)  𝜃𝑎 (16-1) 
 
where 𝑎 is the filter coefficient, 𝑔𝑦𝑟𝑜 is gyroscope values (in degrees per seconds- 
dps), 𝑑𝑡 is the sampling time interval (in seconds) and 𝜃𝑎 is tilt angle estimated by the 
accelerometer (in degrees).  
The filter coefficient is related to the filter time constant- which is the relative duration 
of signal it will act on. The filter time constant should be chosen as low as possible in 
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order to minimize the influence of offsets of the rate gyroscope (Baerveldt & Klang, 
1997). So, knowing the desired time constant and sampling frequency, one can find the 
filter coefficient. Alternatively, for best results, the cut-off frequency of the high/low 
pass filters must be carefully defined to keep the valid signals as well as suppress the 
unwanted noisy response of the sensors (Tseng, Wen-Lung, Chih-Yang, Jia-Wei, & Chin-
Sheng, 2011). 
The pros to this method include: fast estimates of angle and not very processor-
intensive (Colton, 2007) 
The major limitation is that the parameters of the CF such as filter coefficient, once 
selected are fixed and so to determine the best filter coefficients to use in every case 
will involve a careful study of the signal and continuous tweaking to select the 
coefficient that give the best results. 
Experiments and Results 
One of the challenges encountered with the accelerometry systems is that they suffer 
from high-frequency noise during movement's initiation or when there is a sudden 
change in the movements’ direction (Nwaizu, Saatchi, & Burke, 2017). A suitably 
designed low pass filter (LPF) was used to denoise the signal in this study, to accurately 
estimate angular rotation, velocity, and acceleration.  
Developments in denoising the accelerometry system, which in theory will improve the 
effectiveness of accelerometry systems at accurately measuring movement data, were 
considered.  
Inclusion of a gyroscope 
A gyroscope provides a rate of rotation, and integration is needed to obtain the 
rotational angle. An initial offset in the gyroscope’s output signal produces an 
amplitude drift that increases with time. So, by combining outputs from accelerometer 
and gyroscope, using a suitable filter, these issues can be dealt with to an extent. 
Experiments were performed to investigate the ability of the conventional 
complementary filter to accurately track the signal recorded from an IMU device 
(LSM9DS0) consisting of an accelerometer, gyroscope and magnetometer. However, 
only the accelerometer and gyroscope data were considered for processing as the 
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magnetometer measures are highly disturbed by the presence of ferromagnetic 
materials, and this was not put into consideration at this experiment. 
The aim of the experiment was to investigate if the complementary filter could 
accurately remove the errors associated with the desired signal (i.e. the noise and 
drift).  
The IMU was hooked up to the Arduino board (in this case, the Arduino Uno) 
connected to a computer and two recordings were obtained each with the IMU 
attached to the thigh and leg (the lower limb segment of the body) of an adult subject 
while walking in different patterns and speeds. 
The complementary filter algorithm was designed using a filter coefficient 𝑎, of 0.98 as 
shown in Equation 16-2 making the design rely more on the data from the gyroscope 
(98% gyroscope data, 𝑔𝑦𝑟𝑜 and 2% accelerometer data, 𝜃𝑎) such that they 
complemented each other. The sampling interval, 𝑑𝑡, was 0.018 seconds.  
 𝑎𝑛𝑔𝑙𝑒 = 0.98(𝑎𝑛𝑔𝑙𝑒 + (𝑔𝑦𝑟𝑜 × 𝑑𝑡)) + 0.02 𝜃𝑎 (16-2) 
 
Figures 16-3 and 16-4 show a section of the results obtained. The accelerometer signal 
(black) as can be seen is noisy due to large accelerations, the gyroscope signal (blue) is 
drifting while the complementary filtered signal shown (in red) is able to estimate the 
angles as well as remove the noise and drift from the accelerometer and gyroscope 
respectively. 
 
Figure 16-3 Angles estimated with IMU attached to the thigh 
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Figure 16-4 Angles estimated with IMU attached to the shank 
 
 
Wavelet packet-based developments for denoising accelerometer signals 
A wavelet packet decomposition-based technique to denoise a simulated 
accelerometer signal using a simulated gyroscope signal as a guide was developed and 
its effectiveness was compared with the conventional complementary filter method. 
Experiments were carried out using simulated accelerometer and gyroscope signals 
(Figure 16-5) to assist with the evaluation of the effectiveness of the method. 
Simulated signals were used to demonstrate the concepts but in future studies these 
could be applied to signals obtained from real devices. 
An accelerometer signal (shown in Figure 16-5, top) was generated to simulate a leg’s 
movement in a simplified form. Gaussian noise was added to this signal to represent 
the effect of measurement noise (shown in Figure 16-5, middle). The simulated 
gyroscope signal (shown in Figure 16-5, bottom) was the guide signal. Simulations 
were done in MATLAB®. 
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Figure 16-5 Simulated signals for reference, accelerometer and gyroscope readings 
 
In the wavelet packet decomposition algorithm, a signal is successively decomposed to 
a specified level, by suitably chosen lowpass and high-pass filters, and the outputs 
from the filters down sampled by a factor of 2 to give the approximation and detail 
coefficients respectively. 
The noisy accelerometer and drifting gyroscope signals were decomposed separately 
to 8 levels using the Daubechies 20 wavelet family. The coefficients of the terminal 
nodes are represented by nodes 255 to 510. These decomposed coefficients for both 
accelerometer and gyroscope signals were then compared for similarity by performing 
cross correlation. The two nodes with the highest correlation magnitudes (indicating 
closest to similarity) were selected to be used for reconstructing the accelerometer 
signal, while the values of coefficients not selected were set to zero.   
The wavelet packet-based reconstructed accelerometer signal was compared with that 
obtained from the complementary filter. Complementary filter combines the 
accelerometer and gyroscope signals to generate a signal affected less by the noise 
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and drift. The movement angle from the complementary filter was obtained using 
Equation 16-3. 
  𝜃𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝛼(𝜃𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 + ∆𝑡𝜃𝑔) + (1 − 𝛼)𝜃𝑎 (16-3) 
 
The complementary filter algorithm was designed using a filter coefficient α= 0.98, 
making the design rely more on gyroscope’s-based angle (𝜃𝑔) than that from the 
accelerometer, (𝜃𝑎). The sampling interval ∆𝑡= 0.018 seconds (sample rate 55 samples 
per second). 
The processing was performed in MATLAB©. The correlation between the decomposed 
coefficients show nodes 255 and 258 to have the highest similarities (Figure 16-6) and 
were selected for use in reconstructing the accelerometry signal (Figure 16-7).  
The wavelet packet method was more effective in representing the original reference 
accelerometer signal than the complementary filter (Figure 16-8).  This part of the 
study demonstrated the potential of wavelet transform in denoising accelerometry 
signals. For the work carried out on patients only accelerometers were used and thus 
in future inclusion of gyroscopes should be considered as they may improve the 
analysis.   
 
Figure 16-6 Wavelet packet coefficient correlation plot 
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Figure 16-7 Decomposition tree showing 8 levels and the reconstructed accelerometer 
signal 
 
Figure 16-8 The signal obtained using the complementary filter and the accelerometer 
signal obtained from the wavelet packet. 
